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ABSTRACT 
 
Jessica Pearlman: Worker Displacement and Health Outcomes:  
The Impact of Economic Conditions, Education, Age and Time 
(Under the direction of Philip Cohen) 
 
 
Over the past 30 years in the United States, the practice by companies of laying off workers 
to cut costs and improve profitability has become commonplace. These former employees 
frequently experience a period of unemployment before accepting a job with lower wages 
than provided by their former employer. They are also less likely to have health insurance 
than before. Unemployment, income level and health insurance status have all been found to 
impact health outcomes. This paper will specifically examine the impact of worker 
displacement on health in the United States. In addition, the paper will explore three topics 
that have not been previously researched in this area, the extent to which the impact of 
displacement on health varies according to 1) worker age at the time of displacement, 2) the 
duration of time since displacement, 3) worker education level.  
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CHAPTER I: INTRODUCTION 
 
Background and Literature 
 Over the past 30 years there has been a transformation in the nature of the 
relationship between employers (firms and organizations) and employees in the United 
States. From 1945 until the mid 1970s, the employer-employee relationship was 
characterized by commitment on the part of the employer and longevity on the part of the 
employee.  Governmental policies put into place during this time period reflected the 
commitment on the part of the American people, politicians and business leaders to job 
security. This however changed in the late 1970s. Due to increasing foreign competition 
combined with improved transportation and communications infrastructure that allowed 
multinational corporations to employ cheaper foreign labor overseas, firms began to institute 
the process of cutting their American workforces to compete in the global economy 
(Uchitelle 2006). Over the next 30 years, the power of labor unions declined and the use of 
layoffs as a mechanism to increase profitability became commonplace. 
 This broad shift in labor practices may have improved the competitiveness of 
American and multinational firms, but it did not come without costs to the American 
workforce.  A wide body of research has shown that the individuals who lose their jobs 
(typically referred to as displaced workers) frequently experience a prolonged period of 
unemployment after which they are forced to accept positions that typically offer less pay 
than before, may have less job security and promotion potential and frequently do not 
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provide health insurance or other benefits (Brand 2006, Farber 2003, Fallick 1996, Keltzer 
1998). Furthermore the probability of being displaced is not consistent across the U.S. labor 
force; those without a college degree and older workers are disproportionately likely to 
experience job displacement (Koeber and Wright 2001).  
 Employment and earnings outcomes following displacement also vary according to 
the age, educational attainment and race of the displaced worker, although the findings are 
not entirely consistent. Perhaps the strongest finding is that workers with lower levels of 
education have worse outcomes following displacement. Similar patterns have been found 
when comparing those who did not complete high school to those with a high school 
diploma, and comparing those with only a high school diploma to those with a college 
degree. Displaced workers with lower levels of education have tended to experience a longer 
duration of unemployment and a greater drop in wages following displacement (Farber 2003, 
Helwig 2004, Hammermesh 1989)1. However, Koeber and Wright (2001) found no 
relationship between having a college degree and earnings change following displacement. 
 Research strongly suggests that displaced workers over age 55 are the least likely to 
become re-employed, although this may be related to decisions to retire (Farber 2003). 
However there seems to be little evidence that of an impact of age on duration of 
unemployment for displaced workers under age 55 (Farber 2003).  In terms of income 
change, some studies have focused specifically upon displacements above age 50, and have 
found that such workers experience a greater drop in earnings following displacements as 
compared to younger workers (Koeber and Wright 2001, Jacobson, Lalonde and Sullivan 
1993, Hammersmith 1989). Farber (2003) confirms that workers aged 55-64 do suffer the 
                                                 
1
 Most of the research on earnings change following displacement appears to be restricted to individuals who 
have found a new job as to not confound with the impact of unemployment (Helwig 2004, Farber 2003, Koeber 
and Wright 2001).  
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largest drops in earnings, at least for some years. However other studies suggest that the 
relationship between age at displacement and post-displacement outcomes may be non-
linear, with displacements between age 40-55 having worse consequences in terms of 
earnings change than displacements at both older and younger ages, at least for some years 
between 1981-2001 (Farber 2003, Helwig 2004). A handful of older studies found no impact 
of age at displacement on the drop in earnings following displacement, but this may have 
resulted from an attempt to capture the relationship between age and post displacement 
outcomes in a linear fashion (Hamermesh 1989).  
 Finally, non-white and/or black displaced workers have been found to experience 
longer unemployment spells, be less likely to be re-employed following displacement and 
suffer a greater loss of income (Farber 2003, Lippman and Rosenthal 2008 (both controlling 
for educational attainment), Hammermesh 1989 and Helwig 2004). However a few other 
studies found no impact of race or ethnicity on earnings change following displacement, once 
educational differences were taken into account (Koeber and Wright 2001, Lippman and 
Rosenthal 2008, Farber 2003).  
The three outcomes that frequently follow displacement: unemployment, loss of 
income, and loss of health insurance, have all been found to have negative consequences for 
physical health. My conceptual model of the impact of displacement on health is shown 
below. It should be noted that these three factors are not distinct. Unemployment itself 
generally leads to loss of health insurance and a decline in income. However, as has been 
noted, loss of income and health insurance can persist even after the individual has found 
post-displacement employment. In addition, the experience of unemployment itself might 
have negative impacts on health net of income and health insurance status, due to, for 
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instance, the stress of looking for work and the feelings of shame often associated with being 
out of work (Uchitelle 2006, Newman 1988). For these reasons, I am considering these three 
factors as being conceptually distinct vis a vis their impact on health.  I will discuss each 
body of literature in turn. 
 
Figure 1: Conceptual Model of Worker Displacement and Health 
 
Unemployment and Health 
 This section will focus on the relationship between unemployment and physical 
health, as this is the focus of my proposed project2. A substantial body of cross-sectional 
literature has found an association between unemployment and poor physical health (see 
Dooley, Fielding and Levy 1996 and Jin, Sha and Svoboda 1995 for reviews). However, this 
research has been plagued by issues of selection bias, that is, it may be that those in poor 
health are more likely to be unemployed.  A smaller body of literature has used longitudinal 
                                                 
2
 There is also a large body of literature that has established that unemployment has negative consequences for 
mental health. Unemployment has been found to increase the risk of anxiety, depression and suicide (see for 
example Brand, Levy and Gallo 2008, Gerdtham, and Johannesson 2003, Keefe et al 2002, Ferrie et al 2001, 
Hamilton et al 1990, Jin, Shah and Svoboda 1995 and Kessler, House and Turner 1987).  
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 5
data to examine the impact of unemployment on health. Researchers have generally used one 
of two methods to control for potential selection bias. First,  researchers have included 
measures of baseline health as covariates in their models and assessed the impact of a spell of 
unemployment between baseline and follow-up measures of health. Secondly, researchers 
have examined the impact of what are understood as ‘exogenous’ job loss with respect to 
health. In particular, researchers have examined the impact of mass layoffs and plant closings 
on the health of affected workers, relative to a control sample of workers who remain 
employed. Because layoffs and plant closing tend to involve the simultaneous displacement 
of large numbers of workers, the likelihood of an employee being displaced in such a 
situation is assumed to be relatively independent of employee characteristics including 
employee health. 
 Longitudinal research conducted in Europe and Canada that controls for baseline 
health has generally supported the notion that unemployment has a negative impact on 
health. Researchers have found that experiencing a spell of unemployment increased the 
likelihood of mortality over a period of 5 to 12 years in Switzerland, Finland and Britain 
(Gognalons-Nicolet et al 1999, Morris, Cook and Shaper 1994, Martikainen 1990), lead to an 
increase in hospitalizations and ambulatory services relative to a group of employed 
individuals in Canada  (Kraut et al 2000) and was associated with worsening health, 
measured by a comprehensive symptom index and objective measures such as cholesterol 
and blood pressure measurements, relative to employed individuals in Sweden (Korpi 2001, 
using a more stringent fixed effects model, and Arnetz 1991). However research in Sweden 
found that continuous unemployment (throughout the study period) was associated worse 
self-rated health but a temporary unemployment spell did not have a significant impact 
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(Bockerman and Ilmakunnas 2009), and that the unemployed were at increased risk of risk of 
dying from suicide and ‘other’ diseases but not from cardiovascular disease and stroke, 
(Gerdtham and Johannesson  2003)3. 
 Research conducted in Europe and New Zealand examining the impact of plant 
closings and layoffs on the health of former employees has tended to find less of an impact. 
For instance, displaced workers did not have increased hospital admissions relative to a 
group of employed controls in Denmark and New Zealand respectively (Keefe et al 2002 and 
Browning, Dano and Heinsen 2006). However, the rarity of hospital admissions may have 
made significant effects difficult to detect (Browning, Dano and Heinsen 2006). Several 
earlier (1980s) studies, each of a single factory or plant closure in a European community, 
did suggest that the subsequent unemployment had adverse impacts on the health of former 
employees relative to individuals who were not displaced. However, small sample sizes (e.g. 
most of the studies had sample sizes under 300) lead to the findings being suggestive rather 
than conclusive.  In addition, the focus on one single workplace in these studies makes it 
difficult to generalize from the results (Iversen, Sabroe and Damsgaard 1989, Morris and 
Cook 1990).   
Social policy and economic conditions in the United States differ from many of these 
other nations in ways that might moderate the impact of unemployment on health. For 
instance, western European countries tend to provide more extensive unemployment benefits 
than the United States (Browning, Dano and Heinsen 2006) and universal health care 
                                                 
3
 Using a fixed effects model, Bockerman and Ilmakunnas found that even continual unemployment had not 
impact on health. However they used a Chamberlin fixed effects logit model which 1) requires condensing the 
self-rated health into two categories which is problematic as the results can be sensitive to the selection of cutoff 
points (Lorgelly 2008) and 2) leads to a significant loss of data as respondents who do not change heath status 
must be thrown out. In their case they lost 1/3 of the sample, although the final sample was still above 12,000so 
this may not be an issue in this case.  
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coverage is provided in several countries, such as England, Sweden and Canada (Adda, 
Chandola and Marmot 2003). As income inequality is also less severe in Western Europe, 
displaced workers may have less difficulty finding a job which provides income close to their 
pre-displacement wage.  However, up until very recently, unemployment was generally 
higher in Western Europe than in the United States. As a result, displaced workers may 
remain unemployed longer than in the United States (Lapido and Wilkinson 2002). 
Therefore, the findings from research in other countries related to unemployment and health 
may be of limited use in understanding this relationship in the Untied States.  
  
Involuntary Job Loss in the United States and Health 
Research in the United States has tended to focus on the impact of experiencing 
involuntary job loss rather than on employment status per se. In this, the research 
encompasses both the impact of the initial period of unemployment and the impact of any 
permanent loss of income or health insurance. Several recent studies have used data from the 
Health and Retirement Survey between 1992 and 2002 to examine the impact of job loss on 
health outcomes in the United States. After controlling for baseline health, researchers found 
that respondents who experienced an involuntary job loss between the initial and follow-up 
interviews were more likely to suffer from myocardial infection and stroke and to report 
physical limitations (e.g. difficulty with walking, climbing stairs) relative to individuals who 
had not suffered a job loss (Gallo et al 2006, Gallo et al 2004, Gallo et al 2000)4. While these 
studies make valuable contributions to our understanding of the impact of job loss on health, 
they are limited in that the samples include only respondents who were at least age 50 in 
                                                 
4
 Hazard models were used to estimate the ‘transition’ to stroke or myocardial infection; therefore the job loss 
preceded the illness temporally.   
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1992. Therefore, the research focuses exclusively on job loss that occurs relatively late in the 
respondents’ employment careers. Various factors may result in displacement at older ages 
having either a greater or lesser impact on health. For instance, older workers may have more 
difficulty finding a new job, but they may also be more likely to have savings or other 
resources which can cushion the economic blow of displacement.  
One additional study in the United States focused specifically on the impact of job 
loss at younger ages on health outcomes. Janicki-Deverts et al (2008) found that, after 
controlling for baseline levels of C –reactive protein,  either a recent spell of unemployment 
(within the past 2 years) or a spell of unemployment 5-8 years in the past were associated 
with increased levels of C-reactive  protein. However, job loss more than 8 years in the past 
did not have a significant effect on C-reactive protein levels. C reactive protein is a measure 
of inflammation that is associated with the likelihood of developing heart disease in the 
future. It is a creative way of assessing health in younger respondents for whom more 
standard measures of ill health may not yet be visible. Respondents were 18-33 when they 
entered the study; job losses over the next 15 years were captured. This study suggests that 
research should further examine the extent to which the relationship between job loss and 
health changes with the duration of time since the job loss.  
A handful of studies have examined the impact on health of job loss on health in the 
United States while focusing on at a wider range of ages. An early study of worker 
displacement in southeast Michigan was based on a 1984 survey of households. Respondents 
were asked about spells of unemployment for up to 5 years before the survey date. The 
authors used the following criteria to determine which job losses were exogenous, that is 
resulting entirely from economic conditions facing the employer and not related to any 
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personal characteristics of the displaced worker: whether the company closed entirely at the 
time of the displacement, the number of other employees who were displaced at the same 
time, and self-reports by respondents regarding whether they believed their own behavior or 
performance was in any way related to the displacement. The authors found that a spell of 
‘no-fault’ unemployment in the past five years was associated with worse self-rated physical 
health at the time of the survey (Kessler, House and Turner 1987). 
More recently, Strully (2009), used data from the Panel Study of Income Dynamics 
from 1999-2003 to examine the impact of job loss over the previous two years on self-rated 
health as well as on the probability of developing (since the prior survey) at least one of a 
series of health conditions including heart disease, hypertension, diabetes and arthritis. For 
models estimating self-rated health, self-rated health in the prior wave was included as a 
covariate. Strully (2009) also distinguished between what she considers to be ‘no fault’ or 
exogenous spells of unemployment and unemployment that may potentially be related to 
characteristics of the employee. Only cases where an entire company, plant or office was shut 
down or relocated were classified as ‘no fault’ job losses. The PSID includes one category 
for job losses due to downsizing/layoffs and discharge/firing. Strully (2009) included this 
joint category and classified it as an endogenous source of displacement vis a vis employee 
health.  
Strully (2009) found that ‘no fault’ job loss was significantly associated with both 
self-rated health as well as the likelihood of developing at least one of the conditions 
described above. However, the impact of a ‘no fault’ job loss on self-rated health was only 
significant at the p <.1 level. Strully (2009) noted that because the ‘no fault’ job loss category 
only included cases where the workplace closed entirely, the number of job losses falling into 
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this category was small (<300 ). Therefore she felt that it was appropriate to report significant 
levels between .05 and < .1. It should be noted that family income was included as an 
additional covariate in the models. Therefore the model estimates the impact of job loss on 
health net of the impact of income. As I have discussed, a loss of income that persists even 
after finding new employment is one of the mechanisms by which job loss may impact 
health. Therefore the total effect of displacement was likely larger than what was reported.  
The most comprehensive study of the impact of worker displacement on health in the 
United States was conducted by Burgard, Brand and House (2007). Using data from the 
Wisconsin Longitudinal Survey (WLS) from 1975-1992, they explored the impacts of worker 
displacement on self-rated health for up to 17 years following the displacement. The WLS is 
a survey of a sample of individuals who graduated from Wisconsin high schools in 1957. 
Respondents were approximately 53 when health was assessed; displacements from age 36-
53 were captured by the survey. Burgard, Brand and House (2007) considered job loss due to 
plant closings, company relocations, and downsizing (e.g. layoffs) to produce ‘no-fault’ or 
exogenous job loss.  They found that the impact of such job loss on self-rated health was 
small but statistically significant. The long time frame of the study allowed the researchers to 
capture the full array of mechanisms by which displacement impacts health: the initial period 
of unemployment, a lasting decrease in wages and possibly an extended period without 
health insurance. As will be discussed, my research will build off of  the work of Burgard, 
Brand and House (2007), extending the research in several key regards.  
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Income and Health  
The inverse relationship between income5 and poor health has been well established 
in the literature and increased over the second half of the twentieth century in the United 
States (Pappas 1993 et al, Williams and Collins 1995).  Researchers have found that income 
is positively associated with health using a variety of health outcome measures including 
specific diseases such as cancer or heart disease, (Lynch Kaplan and Shema 2009), mortality 
(Duncan et al, 2002, McDonough et al 1997), self-rated overall health (Burgard Brand and 
House 2007, Smith and Kingston 1997), and biomarkers associated with disease such as high 
blood pressure and elevated C-reactive protein (Seeman et al 2000).  While some research 
has found an inverse gradient between income and health problems across entire the range of 
incomes (Deaton 2002), the relationship is strongest for those with incomes below the 
median; additional gains in health for increases above median income tend to be small. There 
is an especially strong relationship between having income below the poverty level and the 
increased risk for mortality and of being in poor health (Williams and Collins 1995, Rehkopf 
et al 2008, Smith 1999).  
Issues of selection effects (e.g. the reverse causation mechanism whereby health 
impacts income) have been raised as a potential challenge to the validity of much of the older 
research on income and health (Goldman 2001).  However, in recent years researchers have 
used a variety of approaches to address this concern. The primary method is the use of 
longitudinal data sets which provide the opportunity to include measures of baseline (earlier) 
health as covariates in the models6. However, some researchers instead restrict the sample to 
                                                 
5
 I have used income to refer to ‘total household income’ in this section. The only authors who reported a 
different measure of income were Burgard, Brand and Housr (2007) who used the earnings of the respondent. 
6
 Whether using lagged measures of the outcome variable is appropriate or introduces additional bias into the 
models is an ongoing methodological debate (Christakis and Fowler 2007). One must assume that the lagged 
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those who at baseline do not suffer from health conditions (Buckley 2009 et al, Cooper 
McCousland, and Theodossiou 2006, Lynch, Kaplan and Shema 1997)7.   
Longitudinal research8 which controls for prior health to account for selection effects 
has also found an inverse relationship between income and a variety of health outcomes 
including worse self-rated overall health (e.g. very poor, poor, fair, good, very good, 
excellent etc) (Benzeval and Judge 2001, Salas 2002, Buckley et al, 2004 et al, Berry 20079, 
Hurd and Kapteyn 2003),  the presence of acute or chronic conditions such as heart disease, 
arthritis, cancer, diabetes, hypertension, stroke, etc (House 1994, Adams 2003, Hurd and 
Kapteyn 2003, Dor Sudano and Baker 2006, Benzeval and Judge 2001, Lundberg and Fritzell 
1994), the extent of physical limitations or disabilities (Dor, Sudano and Baker 2006, Long et 
al 2002), and mortality (Feinglass et al 2007, Bassuk, Berkman and Amick 2002, Long et al 
2002, Chapman and Hariharan 1994, Kaplan and Haan 1989 and Duleep 1986). Income may 
be measured either at the same time as health outcomes or up to several years prior, 
                                                                                                                                                       
measure of the dependent variable is uncorrelated with the error term; in effect that it incorporates any elements 
of the error term that are fixed over time. Because the research discussed here generally does not use panel data 
methods, there is no way to test this assumption.  
7
 One of the articles I reviewed developed instrumental variables for income measures in an attempt to eliminate 
the selection effects of health on income (Bender 2008), but I found their instruments of income to be of 
dubious quality (e.g. they seemed to be either only weakly correlated with income or likely to be somewhat 
correlated with health) .  Because the measures of health tend to be categorical (ordered or binomial), fixed 
effects models are generally not used. A few researchers have used variations of Chamberlain’s fixed effects 
models (Frttjers, Haisken-DeNwe and Shields 2005, Berry 2007). These methods are generally considered 
problematic because they require exclusion of large amounts of data, as respondents who do not change health 
status must be excluded, and because the models require condensing the outcome categories into 2; results are 
often sensitive to the choice of cutoff points (Lorgelly 2008). 
 
8
 Throughout the literature review section on the impact of income, health insurance and unemployment on 
health, I use the term longitudinal research to refer to practice of following respondents over time and collecting 
measurements of health at multiple points in time. My use of the term longitudinal research does not imply that 
the researchers use longitudinal data analysis methods however.  Some studies did use hazard models, however 
random effects models based on panel data were rare. Fixed effects models were infrequently used and typically 
problematic due to the use of categorical outcomes as described above.  
 
9
 Berry also used a Chamberlain’s fixed effects logit model and did not find significant results. However, this 
model required that 2/3 of the respondents be eliminated from the sample, so the authors caution that the 
resulting inflation of standard errors may have lead to the results being insignificant. 
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especially in models that use mortality as an outcome10. The aforementioned studies were 
primarily conducted in the United States with the exception of two in Great Britain (Benzeval 
and Judge 2001, Salas 2002), one in Canada (Buckley et al 2004) and one in Sweden 
(Lundberg and Fritzell1994).  
The aforementioned studies assessed the relationship between health and the level of 
total household income. However, a few studies found an inverse relationship between 
wealth, as defined by net assets, and health (Adams et al 2003, Chapman and Hariharan 
1994, Hurd and Kapteyn 2003, Einglass et al 2007). In addition, some researchers examined 
the impact of a change in income over a ten year period prior to the time at which health was 
measured. Kaplan and Haan (1989) found that a drop in income of $10,000 was associated 
with a higher probability of mortality over the next 9 years. Benzeval and Judge (2001) found 
that a drop in income was associated with worse self rated health. To refine this association, 
Berry (2007) examined income change separately for specific income and wealth quartiles in 
the population, and found that a drop in income is associated with worse self rated health for 
the middle two quartiles only. This is not surprising as those in poverty tend to have poor 
health in general, and a drop in income may be more easily absorbed by the wealthy. The 
findings regarding the impact of income change are particularly pertinent to my proposed 
project because, as I have noted, worker displacement is typically followed by a significant 
drop in income, even after subsequent employment is secured.   
While most of the research on income and health supports the notion that the two are 
inversely related, it is important to note some exceptions. Smith (2004) examined the impact 
of stock market gains in the 1990s and concluded that income is not predictive of the onset of 
                                                 
10
 Income is never measured before the covariate of prior health.  
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health conditions11. Adams et al (2003) found that, among Americans over 70, income and 
wealth were associated with the onset of degenerative diseases but not acute conditions or 
mortality.  Bassuk, Berkman and Amick (2002) examined mortality among individuals age 
65 in North Carolina, Iowa, New Haven and East Boston and found a significant impact of 
income primarily in North Carolina and Iowa. Finally while Kaplan and Haan (1989) found 
that a drop in income had negative impacts on health, they did not observe a significant 
impact of income level on health.  
There are two limitations of much of the research on income and health. The first is 
that nearly all of the longitudinal research in this area in the United States focuses on 
Americans over age 50 (Berry 2007, Feinglass 2007, Dor, Sudano and Baker, Sudano and 
Baker 2006, Hurd and Kapteyn 2003) or over age 65-70 (Adams 2003 et al, Bassuk, 
Berkman and Amick 2002. Long et al 2002).  The European studies tend to include a larger 
age range in their samples and do find significant results. Nevertheless, generalizations of the 
findings to younger Americans should be made with caution.  
In addition, much of the longitudinal research measures income in categories. 
Typically the categories are clustered at the low end of the income scale; with the highest 
income category encompassing all income brackets that are above approximately 3 times the 
poverty level for a family of poor. Therefore, while the longitudinal research suggests that 
low income is associated with poor health, it is difficult to draw conclusions about 
differences between middle and high income levels as related to health outcomes. In this 
regard, the longitudinal research generally can be used to confirm the findings of cross-
sectional research, which has found that while having low income has negative impacts on 
health, having high income is not necessarily a protective factor.  
                                                 
11
 NOTE: I can not seem to find this article; it is not in the journal of the citation.  
 15
Health Insurance and Health  
A wide body of research has found that individuals in the United States who lack 
health insurance are less likely to receive needed health care. For instance, the uninsured are 
more likely to delay seeing care for medical conditions and are less likely to have a regular 
physician and to use prescription drugs (Yang, Gilleskie and Norton 2009, Auchincloss, Van 
Nostrand and Ronsanaville 2001). The uninsured who suffer from chronic conditions such as 
hypertension, diabetes, asthma and cardiovascular illness are also less likely than insured 
individuals suffering from similar conditions to have seen a physician in the past 12 months 
(Wilper et al 2008). The uninsured are also less likely to receive follow-up treatment and 
medication after being diagnosed with hypertension (Moy, Bartman and Weir 2009). In 
addition, individuals who lack insurance are less likely to receive screening tests for 
cholesterol as well as breast, colon and cervical cancer (Ross, Bradley and Busch 2006, 
Coughlin et al 2008). Not surprisingly then, uninsured women who are diagnosed with breast 
cancer are more likely to be diagnosed at a later stage compared to women who have health 
insurance (Bradley et al 2008, Ayanian et al 1993). Due to delay in seeking care, the 
uninsured are more likely to be hospitalized for conditions for which insured patents are 
treated outside of the hospital (Weissman, Gatsonis and Epstein 1992).  
 Additional research has uncovered direct links between health insurance status and 
health outcomes in the United States. Due to potential selection effects (those who are 
uninsured may already be in poor health), several studies have used longitudinal data to 
control for prior health when examining the impact of health insurance status on health.  
These studies have also included relevant covariates such as education level, income, and 
demographic characteristics. Among individuals over age 50, those who have intermittent 
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health insurance or none at all are more likely than continuously insured individuals to report 
health declines over a period of 4-12 years in global self rated health, overall mobility, and 
ability to complete basic tasks of daily living (e.g. climbing stairs), as well as worsening 
cardiovascular conditions as measured by objective symptoms (McWilliams et al 2007, 
Baker et al 2002, Baker et al 2001, Dor, Sudano and Baker 2006). It should be noted that 
health insurance status may be less important for health outcomes among younger adults who 
tend to be in generally good health. Probst et al (2008) found that among individuals 40-49, 
those who had been continuously insured since young adulthood did not have better health 
than those with intermittent insurance once standard covariates (e.g. education, health 
behavior) were taken into account.   
Finally, one intervening factor between health insurance and the subsequent access to 
health care and health outcomes is health related behaviors. One study found that 
hypertensives with insurance that provided access to free care were more likely to have 
contact with physicians. This then lead to compliance with the appropriate diet and exercise 
program and a higher use of medications as well as a larger drop in blood pressure (Keeler et 
al 1985)12. Not surprisingly, the differences by insurance status were largest for low income 
individuals.  
 
Contribution of My Research to the Literature on Displacement and Health 
I will replicate the research of Burgard, Brand and House (2007) described in the 
section on unemployment and health, using the same data source but extending the research 
through 2004. In addition, I will revise their model specification in several ways. First, 
                                                 
12
 The authors imply that they control for baseline level of blood pressure and income level, but they are vague 
about this. 
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similar to Strully (2009), Burgard, Brand and House (2007) included income level at the time 
health was measured as a covariate in their models. Including post-displacement income as a 
covariate removes the impact on health that is due to having a lower level of income after 
displacement. I believe this is one reason why Burgard, Brand and House (2007) found that 
the impact of worker displacement on wages was relatively small. I will instead treat income 
at the time health was measured as an intervening variable, which I believe to be more 
appropriate given the impact of displacement on subsequent wages. I therefore will not 
include a measure of post-displacement income as a covariate in the initial models but will 
instead include a measure of pre-displacement income because this may be correlated with 
the probability of experiencing displacement.  
Secondly, I will examine the extent to which two factors moderate the impact of 
worker displacement on health outcomes: educational attainment and age at displacement. As 
I have discussed, the literature suggests that race/ethnicity, age, and educational attainment 
tend to moderate the impact of displacement on earnings loss and possibly on duration of 
unemployment. Therefore one might expect that displaced workers who have less education, 
are non-white or are displaced at older ages might also experience worse consequences in 
terms of their health. Because the oldest displaced workers (e.g. over age 60) may have more 
savings and will soon be eligible for Medicare, the moderating impact of age may not be 
linear13. While some studies have focused specifically on health outcomes due to involuntary 
job loss at specific ages (e.g. Gallo et al 2006, Gallo et al 2000), prior research has not 
examined how the impact of worker displacement on health might vary depending on the age 
at displacement. I am not aware of any studies that have examined the extent to which the 
                                                 
13
 What I mean by this is that the appropriate interaction term may not be simply multiplying age by 
displacement which assumes that the interaction term is linear in its construction. e.g. the extent to which age 
moderates displacement increases linearly as age increases.  
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impact of displacement on physical health varies according to education level. Because the 
respondents for the Wisconsin Longitudinal Survey are nearly all white, I will not be able to 
examine race/ethnicity as a moderating factor.  
I also will examine the extent to which the impact of displacement on health changes 
with the duration of time since displacement. While research has included different lengths of 
follow-up following displacement, none has specifically examined how the health impact of 
worker displacement might vary with time since displacement. One might expect that the 
impact of displacement would decrease over time. It is important to determine if this is 
actually the case, and if so, how many years it takes for the health outcomes for formerly 
displaced workers become similar to those who have not been displaced. Furthermore, it is 
also possible that the health impacts of displaced workers do not converge with other 
individuals over time. It is also possible that the strongest impacts of displacement on health 
increase over time as individuals spend years living with less income, lack of health 
insurance, lower job satisfaction and more stress. Therefore I feel consideration of this 
question will add to the research on the impact of displacement on health.  
I also will explore whether economic conditions, namely the unemployment rate, 
moderate the impact of displacement on health. One might expect that when the 
unemployment rate is high, displaced workers will have more difficulty finding a job and 
will be more likely to be forced into a job that pays low wages and does not offer benefits. 
Whether this will have long term impacts on health is an open question. None of the studies I 
reviewed took into account economic conditions in the year of job loss.  
Finally, I will explore the extent to which to which access to employer health 
insurance and income level mediate the relationship between displacement and health. For 
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this analysis, I will include a measure of post-displacement income as well as whether the 
respondent had access to health coverage through their most recent employer. Because the 
measures of income and health insurance status were measured up to 30 years after the 
displacement took place, I am considering these to be measures of permanent changes of 
income and health insurance status rather than by-products of an initial period of 
unemployment.  Before turning to my models, I will review the literature on the relationships 
between income and health insurance and physical health.  
 
Summary of Research Questions 
To summarize and reiterate, this project aims to answer seven primary research questions: 
 
1) Do displaced workers have worse self-rated physical health outcomes than individuals 
who have not experienced displacement14? 
 
2) Is this impact moderated by the age at which the employee was displaced? 
 
3) Is this impact moderated by the duration of time since displacement? In other words, for 
specific individuals, does the impact of displacement on their health change with the passage 
of time?  
 
4) Is this impact moderated by the displaced worker’s level of educational attainment?  
 
5) Is this impact moderated by economic conditions in the year of the displacement? 
 
6) Does access to employer sponsored health insurance mediate the relationship between 
displacement and self-rated physical health? 
 
7) Does the level or change in earnings mediate the relationship between displacement and 
self-rated physical health? 
 
 
                                                 
14
 The survey does capture multiple displacements. This project does not consider multiple displacements as a 
distinct category although this would be an interesting idea to explore for future research. 
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Definition of Worker Displacement and Related Issues 
Before describing the data sources, variables and analytic techniques used for this 
project, it is important to more fully define worker displacement and discuss some of the 
broad issues related to this definition. I define worker displacement as involuntary job loss 
(the employee did not choose to leave the job of his/her own accord) that is not related to the 
work-related characteristics, behavior or productivity of the employee. It is instead due to 
some sort of economic or financial situation facing the employer that leads to a decision to 
increase profitability or otherwise save costs by eliminating employees, or in the extreme 
case, to close the plant, firm or organization. A few things need to be noted about this 
definition. First, I have purposely used the term ‘work-related characteristics’ rather than the 
more general ‘personal characteristics’. This is because demographic characteristics may 
influence firm decisions regarding which employees to displace. In particular this been 
shown to be true for race (Elvira and Zatzick 2002). For this reason, I will include a set of 
standard demographic controls in all models.  
Secondly, it is possible that when firms must lay off workers, they make the decisions 
regarding which workers to displace based on levels of employee productivity. Some 
research, based primarily on surveys of managers, suggests that when employers are faced 
with the necessity of laying off workers, they make decisions regarding which employees to 
terminate based on both seniority and employee performance  (Romm 1995, Elvira and 
Zatwick 2002, McCune 1988). If employee performance and seniority are associated with the 
probability of being in poor heath, this is potentially a threat to the internal validity of models 
estimating the impact of worker displacement on health. I have taken methodological steps to 
address this issue as will be discussed.  
CHAPTER II: DATA AND METHODS 
 
Data Source: Wisconsin Longitudinal Study 
 This project will use The Wisconsin Longitudinal Study (WLS). This public use 
survey includes detailed employment histories for the respondents, including the reason they 
left each job as well as measures of self-rated health. The survey also includes a set of 
covariates which may impact both the likelihood of displacement and health outcomes. 
Therefore the survey meets the basic criteria needed to answer the key research questions of 
this project. Below, I discuss in more detail the characteristics of the samples and any 
potential threats to external validity.  
 The Wisconsin Longitudinal Study began in 1957 with a questionnaire distributed to 
all high school seniors in the state of Wisconsin in 1957. Information on the response rate for 
the initial survey is not available in the study documentation, but given that it was 
administered during school with the support of the Department of Education, the response 
rate is likely quite high. In 1964, a simple random sample of 1/3 of the original respondents 
(10,317 individuals) was selected.  These respondents’ parents were interviewed in 1964, and 
the respondents themselves were surveyed by a telephone interview, through a mail 
questionnaire, or both in 1975, 1992-3 and 2004. Therefore the study includes information on 
the respondents at five points in time. 
 The retention rates for the sample are shown in the table below. These retention rates 
were calculated by WLS staff. The retention rates are calculated as the number of
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 respondents completing the survey in that year/the number of respondents from the baseline 
sample who are not known to be dead. The retention rates are thus slightly conservative in 
that the portion of respondents who were not able to be contacted (e.g. unlisted number) are 
assumed to be alive.  I have not included retention rates for the parent interview in 1964 as I 
will not use data from that year.  
 
Table 1: Key Retention Rates for Wisconsin Longitudinal Study 
Survey Year Retention Rate 
1975 (telephone) 90.1% 
1992-1993 (telephone) 87.3% 
1992-1993 (mail) 70.7%   
2004 (telephone) 80.5% 
2004 (mail) 75.8% 
2004 (mail and telephone) 70.6% 
 
We see that the retention rates for the study are quite good, especially given that the 
respondents have been followed for nearly 50 years. The retention rate for the mail survey in 
1992-1993 is slightly lower than I would like. It should be noted that in 1992-1993, the mail 
survey was only sent to individuals who had completed the phone survey, so I will have data 
from both surveys for 70.7% of individuals in 1993. The relevant retention rate for 2004 is 
for respondents completing both the mail questionnaire and the telephone interview, as I will 
need information from both surveys. This is also slightly lower than I would like.  
According to researchers who have studied the issues, there are no known biases or 
respondent characteristics associated with attrition in the WLS over time (Burgard Brand and 
House 2007). One issue that I can think of in specific relation to this project is that 
individuals who have moved out of Wisconsin may be more likely to drop out of the study. 
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Individuals who are displaced may also be more likely to move, lessening their 
representation in subsequent samples. It is possible that displaced workers who move may be 
in better health than those who remain in Wisconsin. If this is the case, the under-
representation of displaced workers who are in better health would bias the findings of the 
study. However, these are merely suppositions and may not reflect reality. It is probable that 
these potential biases will have little impact on the results. The survey does not include 
weights for non-response. It would be possible to construct these. However, geographic 
information of respondents is not provided and so it would not be possible to model the key 
variable of interest here which is geographic mobility.  
One of the major drawbacks of the study is that the sample is quite homogenous. 
According to the Wisconsin Longitudinal Study Handbook, only “a handful of respondents” 
are of a racial/ethnic group other than non-Hispanic whites. In addition, all of the respondents 
graduated from high school and so the study is not representative of those who have not 
completed secondary school. Furthermore, because the respondents are all from a single 
state, the extent to which the findings can be generalized to other individuals across the 
nation is questionable. This may be less so over time as respondents have moved. However, 
in 1992, 70% of the living members of the original sample still resided in Wisconsin (WLS 
Handbook). Finally, the sample is linked to a single cohort: those who graduated from high 
school in 1957 and were therefore born between approximately 1937-1940. The findings may 
be influenced by the specific events and experiences unique to this age cohort. In spite of 
these drawbacks in terms of external validity, the study is unique in being able to track the 
respondents over such a long time and thereby provide a rich source of life course data, in 
particular lengthy employment histories. Nevertheless, the findings may not be generalizable 
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to respondents of non white racial/ethnic background who have not completed high school, 
who were born in a different era or who lived in a very different region of the United States.  
 
Variables Used in the Analysis 
Table 2: Variables Used in Analysis 
Variable WLS Description 
Health Outcome self-rated health 5 point scale: very poor, poor, fair, good, 
excellent 
  
Work Displacement  
Experienced Displacement displaced since age 36 
Years Since Displacement 3 year increments: 4-6, 7-9, 10-12, 13-15, 15+  (0-3 years is 
reference group) 
Age at Displacement Age 50-55, age 56-61, age 62+ 
Economic Conditions If the United States Unemployment Rate was >= 6.0 in the 
calendar year of displacement.  
Other Types of Involuntary Job Loss Retirement displacement, fired, temporary/seasonal layoff, 
business failure, health reasons 
  
Demographic Controls  
Age  age in years 
Sex male/female 
Marital Status married, never been married, widowed/divorced/separated 
Educational Attainment high school diploma, some college, bachelors degree or 
higher 
  
Family Background  
Parents SES Factor Score Index from factor analysis including mother’s education, 
father’s education, father’s occupation and household 
income at age 18. Factor analysis was conducted by WLS 
staff. 
  
Employment Context Associated 
with Displacement and Health 
 
Industry whether the respondent has ever been employed in 
manufacturing, mining and construction 
Occupation whether the respondent has ever been employed in each of 
the following eight occupational groups: 
professional/technical, managerial, administrative, sales, 
service, skilled worker/operator/laborer, farmer, military 
Income earnings at age 36 (1975) 
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Interaction Terms 
Education with experienced 
displacement 
bachelors degree*displacement,  some college*displacement 
  
Intervening Variables  
Income earnings in year health was measured (1992-3 or 2004) 
Health Insurance Coverage whether the respondent had access to health insurance 
through the current or most recent employer at the time 
health was measured: 1992-3 or 2004  
 
Outcome Variable: Self Rated Health 
I now turn to a discussion of the variables used in the analysis. The outcome is self-
rated physical health. WLS respondents were asked to rate their overall health on a 5 point 
scale. The response categories were: very poor, poor, fair, good and excellent. A significant 
body of literature (Ferraro and Kelly-Moore 2001, Fritjers and Ulker 2007, Idler and 
Benyamini 1997) has demonstrated strong links between self-rated health and a variety of 
objective health measures (e.g. medical conditions) and mortality. For this reason, self-rated 
health is widely used in social science research that examines the links between 
unemployment, income, health insurance status and health outcomes.  
 
Employment History 
 The WLS collected employment histories for respondents between 1975 and 2004. 
Therefore, worker displacement before 1975 will not be included in the study. I would argue 
that this is not of great concern because in the United States, because, as has been noted, 
before 1975 plant closings, mass layoffs and other related phenomena were a relatively rare 
occurrence. Displacement was more likely to be related to the particular financial issues 
facing a specific company. If a worker was displaced, it was likely that he/she could quickly 
find a similar equivalent job and therefore the health impacts would likely have been 
minimal.  In 2004, for individuals who missed the 1992 interview, employment histories 
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were collected back to 1975. This eliminates a potential source of missing data. Information 
is collected on the starting and stopping dates of each job, the reason for leaving the job, 
whether the job was full or part time, the industry, occupation, wages and benefits.15 
 
Coding Worker Displacement  
One of my key independent variables will be whether the respondent has ever been 
displaced from a job. As noted, I have defined worker displacement as the involuntary loss of 
a job that is not related to the work-related characteristics, skills or behavior of the employee. 
Worker displacement is instead due to the employing company or organization experiencing 
some sort of financial situation that leads them to want to increase profitability and/or save 
costs by cutting their labor force, or in the extreme case leads to a decision to close the firm, 
plant or organization entirely. As has been noted, the WLS asks the respondents why they 
left each job. The term “left” here incorporates both voluntary job loss (e.g. quitting) and 
involuntary job loss. I have selected a set of responses to this question which I consider 
representative of worker displacement.  The following response options for why an 
individual left a job will be used as indicators of worker displacement: ‘business closing, 
downsizing or relocating’, ‘business changed: owners bought out, relocated or sold’ and 
‘company re-organization meant moving’.16 Appendix B includes the response codes for 
                                                 
15
 The WLS does not report the hours worked for each job. Therefore I will include all part time employment as 
this may represent a 30 hour a week job. The WLS does not include employment spells of less than 6 months 
however unless this is the only employment spell for the respondent. Therefore, unforeseen displacement from 
jobs with brief tenure may not be captured. This is not ideal, but displacement from such positions likely has 
less of an impact than other types of displacement as the respondent will not have had much time to be 
accustomed to the income and benefits of the job. In addition, failing to include such displacements as 
displacement would only result in a downward bias of the coefficients so I can be confident if I do find an 
impact of displacement on health.  
NOTE: The response and ‘company re-organization meant moving’, was only asked in 2004. The numbers of 
respondents indicating the option was small and I do not believe that the change per se should result in data 
inaccuracy (e.g. mis-codes of earlier data).  
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‘worker displacement’ and other types of job loss, as well as a summary of all relevant 
changes in the response codes over time. When analyzing the impact on 2004 health, both 
displacements from 1975-1992 and those between 1992-3 are included. The same is true for 
the other measures of job loss.  
 
Retirement Displacement 
In addition, in 2004, WLS respondents who indicated that they left a job because they 
wished to retire were asked why they decided to retire (from that position). Three of the 
response codes to this follow-up question were ‘downsized’ and ‘company closed/bankrupt’ 
and ‘laid off, permanently or otherwise’17. I plan to include these responses as evidence of 
worker displacement, because they suggest that the retirement was not entirely voluntary. 
However, a displacement from which the respondent chose to retire may be a very different 
experience from a regular displacement. For instance, the employee may have been offered a 
retirement package that included a pension plan. Unfortunately the survey does not include 
information on what benefits (if any) were offered to employees who retired concurrently 
with being displaced. Therefore, I plan to analyze ‘retirement displacement’ as a separate 
type of involuntary job loss.  
A potential issue with responses to the retirement question is that, because individuals 
who retired prior to 2004 were not asked this follow up question, I am in effect allowing the 
response codes to vary over time. Retirement displacement that occurred between 1992-2004 
may be more likely to be captured than retirement displacement between 1975-1992 because 
                                                                                                                                                       
 
 
17
 I would like to keep evidence of permanent layoffs but do not wish to include temporary layoffs. However, if 
the respondent chose to retire it may be appropriate to consider the layoff permanent 
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of this follow up question. However, I do not think this is a critical problem, namely because 
the prevalence of retirement prior to the 1992-3 interview was very low. There were 
approximately 200 responses of ‘wished to retire’ given as a reason for leaving a job in the 
1992-3 interview as compared to more than 4400 such responses in the 2004 interview. In 
addition, well under 10% of the responses to the follow up ’cause of retirement’ question in 
2004 yielded a response that would be coded as worker displacement. Therefore I believe 
that the number of ‘retirement displacements’ that may have been missed in the 1992-3 
interview is quite small and should not significantly impact the results. I believe the data 
would be less accurate if I excluded the retirement displacements that were determined in 
response to the retirement question in the name of keeping responses consistent over time.  
 
Age at Displacement and Years Since Displacement  
 As has been noted, the data set provides the month and year in which an individual 
left each job. This allows us to calculate the age at displacement and the years since 
displacement at the time of the interview in which health is measured. I have chosen to 
measure these variables as a series of categories, because I do not want to make assumptions 
about the functional form of the impact of these variables on health outcomes. It is quite 
possible that these variables operate via a threshold. For instance, in regards to the time since 
displacement, the impact on health may be strongest at first and then decline. Conversely, the 
strongest impact may not occur until several years after displacement. I therefore will 
measure time since displacement in 3 year intervals up to 15 years (e.g. 0-3 years, 4-6 years, 
7-9 years, 10-12 years, 13-15 years 15+ years). I doubt that the impact of displacement on 
health will continue to change much after 15 years.  
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For age at displacement, I draw on the general literature on the moderating impact of 
age on the relationship between displacement, unemployment and earnings. While the 
findings are not entirely consistent, the research generally indicates that the ages of 40, 50 
and 55 may be crucial juncture points (Farber 2003). Because nearly all of the displacements 
in the survey occur over age 40, (the earliest displacements measured occurred at age 36), I 
will analyze the impact of displacements at age 50-55 and ages 56-61. In addition, because 
analysis of the raw data suggested that displacements over age 62 had a distinct impact on 
health, I also will include a measure of displacements over age 62.   
  
Distinguishing Between Age at Displacement and Time Since Displacement  
Using the WLS to distinguish between the impact of the age at displacement and the 
impact of the time since displacement is somewhat complex. This is because all members of 
the survey graduated from high school in the same year, and so the great majority of 
respondents were born in the same calendar year. With a single year of outcome data, it is 
therefore impossible to conceptually distinguish between the impact of age at displacement 
and time since displacement as these would be completely mutually determined. However, 
since there are outcome data on health at two time periods (1992-3 and 2004), I can make use 
of the panel nature of the data set to distinguish between these two effects. The table below 
shows the overlap and distinction between the two sets of categorical variables for the 
WLS18. The rows show age at displacement and the columns show years since displacement. 
The cells show the year of data collection which capture each age at displacement/time since 
displacement combination.  We see that each period of time since displacement includes 
                                                 
18
 Age in this table is an approximation assuming the respondents were born in 1939, which is true for more 
than 75% of respondents. 
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multiple ages at displacement and vice versa. This allows us to distinguish the impact of age 
at displacement from the impact of time since displacement 
 
Table 3: Age at Displacement and Time since Displacement for WLS Respondents 
 0-3 years 4-6 years 7-9 years 10-12 years 13-15 years 15+ years 
Age 36-49   1992-3 1992-3 1992-3 1992-3, 
2004 
Age 50-55 1992-3 1992-3  2004 2004  
Age 56-61  2004 2004    
Age 62-65 2004      
 
Economic Conditions  
 I will include a variable to measure the United States unemployment rate in the year 
of displacement. I would have liked to use a variable measuring the unemployment rate in the 
state or metropolitan area where the respondent resided at the time of displacement. 
However, geographic information on respondents is not provided in the public use WLS data 
set.  Over the 30 years for which employment histories were collected (1975-2005), the 
United States unemployment rate varied from approximately 4.0 to 10.0. The variable will 
indicate whether the respondent was displaced in a year in which the United States 
unemployment rate was greater than or equal to 6.0. I also experimented with using a linear 
variable to capture the actual unemployment rate, but the dummy variable was stronger and 
more consistently significant across the models I will discuss in the results section. I also 
explored using two variables: one for an unemployment rate of 6.0-8.0 and one for an 
unemployment rate above 8.0. However the coefficients for the two variables were nearly 
identical so I chose to simply use one variable19.  
                                                 
19
 This variable has a value of 0 for respondents who have not been displaced. Therefore it is an interaction 
term.   
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Other Types of Involuntary Job Loss 
Following other researchers who have investigated the impact of job loss on health, I 
will also include covariates to indicate if the respondent experienced several other types of 
involuntary job loss. These types of job loss are frequently distinguished from worker 
displacement, in that while worker displacement is assumed to be exogenous vis a vis 
employee health, the same can not be said of other types of involuntary job loss. Because 
these other types of job loss certainly can impact employee health (Gallo 2000), it is 
important to both include them in the model and distinguish them from worker displacement 
(Burgard, Brand and House (2007) and Strully (2009)). This allows us to directly compare 
the experiences of displaced workers with a control sample of those who have not lost a job.  
Failure to account for the impact of other types of involuntary job loss on health 
would in effect be merging these experiences with ‘no job loss’ and would result in 
downward bias of the estimation of worker displacement on health. Because individuals 
experiencing other types of involuntary job loss may have initially been in poorer health, the 
coefficients for the impact of these other types of involuntary job loss may be biased upward. 
However, as I am using these variables as controls rather than having specific interest in the 
values of these coefficients, this should not be a problem20. A set of 0/1 variables will be 
used to capture the job loss categories described below21. These full set of response codes 
used to indicate each of the 4 categories is described in Appendix B.  
 
                                                 
20
 This would only be an issue if there is correlation between the likelihood of experiencing displacement and 
these other types of involuntary job loss net of the other controls in the model. This seems unlikely.  
21
 Technically I should probably also categorize these other types of job loss by age at loss and time since loss, 
but I feel this would make the model extremely complicated to both estimate and potentially interpret.  
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Fired/Discharged: This category is self-explanatory.    
 
Leaving a Job Due to Health Reasons: An individual who leaves a job for health reasons 
may have done so based on a personal decision or may have been pressured to leave by the 
employer. Nevertheless, in either case, this can be considered an involuntary job loss in that 
forces beyond the individual’s control are necessitating that they leave the job. 
 
Business Failure: This response category is asked of respondents who owned their own 
business. Response options include ‘lost business or farm’. This category captures something 
analogous to the experience of job loss for respondents who own their own businesses. A 
separate category is used because the experience of owning and then losing one’s own 
business is a qualitatively different experience from losing a job at company where one is an 
employee.  
 
End of Temporary/Seasonal Employment  
This category of job loss is somewhat complex. It is distinguished from typical 
displacement in that the respondent knew upon starting the job that the employment would be 
of a limited duration. Therefore, this category captures the impact of choosing (or being 
forced to enter due to a lack of other opportunities) relatively unstable employment 
situations. It does not represent the shock of being forced to leave a formerly stable, long 
term job.  The WLS includes a response code for the completion of a temporary job or 
contract. In addition, the WLS has one response category for ‘temporary or seasonal layoff’. 
This is somewhat problematic as a ‘temporary layoff’ is conceptually distinct from a 
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‘seasonal layoff’. The latter fits with the notion of leaving a job which by definition is time 
limited. However a temporary layoff is displacement from a permanent position with the 
caveat that the respondent may ultimately be recalled to the original position. Unfortunately 
as one response code is used to capture two experiences there is not much I can do. Burgard, 
Brand and House (2007) included this response code along with the end of a temporary job 
as the category ‘temporary/seasonal loss’. Because the temporary/seasonal loss category is a 
control category rather than a key variable of interest, the main validity threat posed by the 
‘temporary or seasonal layoff’ code is if some of the temporary layoffs actually became 
permanent.  
 
Demographic Controls 
I also will include a set of standard demographic controls typically used in models of 
health outcomes. These are age, sex, educational attainment and marital status. Several of 
these variables have also been shown to impact either the likelihood of experiencing 
displacement (educational attainment, sex) or employment outcomes following displacement 
such as length of unemployment and lost wages (age) (Elvira and Zatzick 2002, Gardner 
1995). 
These variables are fairly self-explanatory; a few points are important to note. First, 
as all of the WLS respondents graduated from high school there is no category for ‘no high 
school diploma’. Second, neither race/ethnicity or nationality are available in the WLS data 
set. Therefore, I do not include these standard covariates in my model. I do not think this is 
problematic because as has been discussed, the WLS respondents are almost exclusively non-
Hispanic white (WLS Handbook). Because the number of non-white respondents is very 
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small, failing to distinguish them is unlikely to have any appreciable impact on the results. In 
terms of immigrant status, the findings regarding the role of place of birth have mainly been 
in reference to immigrants from Asia, Africa, and in particular from Latin America in recent 
years. There is no particular reason to expect that place of birth would be relevant to the 
health of white residents of Wisconsin who graduated from high school in 1957.  
Measures of marital status will be used from the same year for which health outcomes 
are assessed. This may result in some reverse causation for these variables. However, the 
general consensus among social science health researchers is that for models not primarily 
concerned with the impact of marital status on health, much more bias would result from 
excluding these variables then from including them (Lillard and Panis 1996 ). Education will 
be measured in 1975 (at age 36).  
 
Family Background 
 Family background characteristics, in particular the socio-economic status (SES) of 
the family, have also been shown to be associated with both the probability of displacement 
and with health outcomes as an adult (Brand 2006). The WLS staff have constructed a factor 
score for family SES in 1957 (when the respondents were seniors in high school), based on 
mother’s educational attainment, father’s educational attainment, household income and 
occupation of household head.  I include this variable in my models.  
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Employment History Context Associated with Displacement and Health22 
 Finally, I include a series of variables to capture aspects of the respondent’s 
employment history which may be associated with both the probability of experiencing 
displacement and health outcomes. Researchers in the field of occupational health have 
identified three key  aspects of an individuals job which over time can have negative impacts 
on health. These are 1) exposure to chemicals and other hazardous substances 2) excessive 
physical exertion and 3) lack of autonomy and decision making authority combined with 
limited control over one’s work schedule and frequent work under time pressure (Brand et al 
2007). The first two aspects focus on job characteristics which directly impact physical 
health. The job characteristics encompassed by the third factor mainly influence an 
individual’s health indirectly through increased stress which then has a negative impact on 
both physical and mental health (Adler and Rehkopf 2008). It would be useful to include 
measures of the aforementioned job characteristics in my models, in case these job 
characteristics are more prevalent in jobs which have greater probability of resulting in 
employee displacement. However, while the data sets do include some information on job 
characteristics, these are not provided for the complete employment history of each 
respondent. Therefore I have decided to measure job characteristics in an indirect manner. 
                                                 
22
 Like Burgard, Brand and House (2007), I had planned to include a variable for opportunity to participate in a 
pension plan. I ran early models with this variable. While it was significant, removing the variable did not 
change the coefficients for key variables (displacement and interactions with displacement). This is not 
surprising as the relationship between pension availability and displacement  is rather week (e.g. of those who 
were displaced, 81% had had access to a pension plan at some point; among those not displaced the percentage 
was 79%. Correspondingly, of those with access to a pension plan at some point, 17% had been displaced; 
among those who had never had access to a pension plan, 15% had been displaced. I chose not to include the 
variable in my final models because of the high collinearity with one of my intervening variables (health 
insurance at current/last job). 77% of the respondents had the same values on ever had access to pension plan 
and had access to health insurance at current/last job. I also did not include the variable (used by Burgard Brand 
and House 2007) for union status in 1975 as this seemed to distant in time from 2004 and union status was not 
available after 1975. 
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 A review of employment displacement rates over the past 30 years, indicates that both 
industry and occupation are strongly related to the probability of displacement. Displacement 
rates in the manufacturing and mining industries consistently rank among the top 3 of all 
industries (Helwig 2004, Helwig 2001, Kelter 2009), although differences in the rates 
between these industries and others has narrowed over time. In a few specific years (e.g. 
2008) displacement rates in the construction industry have also been particularly high. Work 
in the manufacturing, mining and construction industries is likely to be associated with a 
higher than average probability of either exposure to hazardous chemicals, excessive physical 
exertion or both. Therefore I have included a variable for whether the respondent has ever 
been employed in  the manufacturing, mining and construction industries.  
Displacement rates also have tended to be higher than average in  blue-collar 
occupations, which includes are the sum of the “precision production, craft, and repair” and 
“operators, fabricators, and laborers” categories designated by the Dictionary of 
Occupational Titles and the United States Census (Helwig 2004). I would argue that ‘blue 
collar occupations’ also are more likely to expose workers to hazardous materials and/or 
result in excessive physical exertion. Therefore I include a variable for total years employed 
in ‘blue collar occupations’, listed as ‘craft/operator/laborer’ in my results section.  
 It should be noted that these occupational categories do not account for all job 
characteristics that may impact health. Cleaning staff may have excessive exposure to 
hazardous chemicals. Administrative assistants may be more likely to suffer carpal tunnel 
syndrome due to excessive typing. However there is no evidence that these positions are 
associated with significantly higher or lower probability of worker displacement and 
therefore this should not impact the results.  Nevertheless, in order to capture the potential 
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impact that other occupations may have on health, I have also included variables for whether 
the respondent has ever been employed in each the following seven occupational categories: 
professional/technical, managerial, administrative, sales, service, farmer, military.23  
 Finally, I include a variable for earnings measured at age 36. I include this variable 
because a large literature has demonstrated there is a relationship between earnings and 
health (see for example Lynch; Kaplan, and Shema (1997), Deaton (2002), Smith (1999)). It 
is also possible that earnings are associated with the probability of displacement. Or, that 
earnings are a proxy for a variety of other factors which may be associated with 
displacement. For instance, workers who work for companies where union representation is 
strong may be less likely to experience displacement and their wages are also likely to be 
higher. I include earnings in my models rather than a host of other employment related 
factors such as union membership because it is earnings which have been shown to have a 
direct impact on health. The WLS 1975 measure of earned income includes wage and salary 
earnings, earnings from owning a business and farm earnings.  
I use a measure of earnings at an early age rather than in the time in which health is 
measured for two reasons. First, if I use a measure of earnings at the later time period, 
earnings serves as an intervening variable. All things being equal, workers who experience 
displacement are likely to have lower wages than those who have not and this is likely to 
impact their health. As I have noted, I think the inclusion of earnings at the same time period 
as health is measured is one reason why Burgard Brand and House found small direct 
impacts of worker displacement on health. By using a measure of earnings at an earlier time 
                                                 
23
 Originally for occupation and industry, I had hoped to construct a variable for the total number of years in the 
occupation or industry. However, due to the large number of overlapping employer job spells in the WLS, 
constructing variables for ‘total time’ vis a vis employment is extremely complex (e.g. would involve hundreds 
of different scenarios to calculate). Therefore I decided to use the simpler variables described above.  
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period I hope to avoid this issue. I am operating under the assumption that earnings at age 36 
is a reasonable instrumental variable (so to speak) for later earnings, as in the absence of 
displacement, there should be a relatively high correlation between earnings at 36 and 
earnings at 45, 55 or 65. Secondly, by using a measure of earnings at a substantially earlier 
time period for that when health is measured, I hope to bypass potential reverse causation 
from health to earnings (Deaton 2002, Smith 1999).  
 
Interaction Terms for  Education with Displacement 
 I also include two interaction terms to assess the extent to which education level 
moderates the impact of worker displacement on health. These are the interaction between 
having some college education and being displaced and the interaction between having at 
least a bachelors degree and being displaced.  
 
Intervening Variables between Displacement and Health 
I will include two mediating variables. First, to capture the intervening impact of the 
relative change (typically a decline) in earnings associated with displacement, I will use a 
measure of the change in earnings between 1975 and the year in which health was measured 
(1992-3 or 2004). I will convert 1975 and 1992-3 earnings to 2004 dollars using the 
consumer price index. Earnings in 1992-3 and 2004 will include wages and salaries, earnings 
from owning a business, pension, social security and other retirement earnings and earnings 
from other government sources including supplemental security earnings disability payments, 
unemployment compensation and AFDC. I included a relatively broad measure of earnings 
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as to ensure comparability of the measure across the survey years and to allow 2004 earnings 
to include retirement income, which is relevant at age 65. 
 I also will include a measure of whether the respondent had access to employer 
sponsored health coverage in their current or most recent job at the time health was 
measured.  
Because in the 2004 survey nearly all respondents are 65 years old and hence eligible for 
medicare, health insurance status at the time of the 2004 survey is not the most useful 
measure to  assess access to health insurance in the years leading up to the survey. Because 
health insurance status is not available for the years between surveys, I have chosen to use a 
proxy measure: whether the respondent’s current or most recent employer (if unemployed) 
offered a health insurance plan. While this measure only indirectly captures health insurance 
status, it allows for direct analysis of the relationship of displacement and the quality of a 
respondent’s job related benefits.   
 
Sample 
 Following Burgard, Brand and House (2007), respondents were included in the 
analysis if they answered the question about self-rated health and provided a valid response 
to the question ‘Why did you leave this job’ for each employer spell prior to the respondent’s 
current job, if currently employed. Table 4 summarizes the sample size and the extent of 
missing data. As has been noted, in 1992-3 the mail questionnaire was only sent to 
respondents who had completed the telephone interview. In 2004, the mail questionnaire was 
sent to all respondents, regardless of whether they had completed the telephone interview.  
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The total number of respondents with data for both self-rated health and responses for why 
they left each job was 6357 in 1993 and 6677 in 2004 for a total sample of 1334.  
 
Table 4: Sample Size and Missing Data 
 Survey(s)  
on which 
measure was 
assessed 
Total number of 
respondents who 
completed relevant 
survey(s) 
Number of 
respondents 
with complete 
data 
Number of 
respondents 
with missing 
data  
Self Rated Health     
1992-3 mail 6875 6862 13 
2004 mail24 6845 6710 135 
     
Reason for Leaving 
Employer Spell(s) 
    
1992-3 telephone 8493 7845 648 
2004 telephone 7063 6491 572 
 
There is very little missing data for self-rated health in 1992-3, although there is a bit 
more missing data in 2004. Unfortunately there is no way to test if this data is missing at 
random. However, we have no reason to expect that the ‘value’ of the missing responses 
differs on average from the completed responses.  Following the method used by Burgard, 
Brand and House, I included only respondents who provided valid responses for self-rated 
health.  
In addition, a large number of respondents had missing data for the reason for leaving 
at least one employer spell. In 2004, respondents were considered to have missing data for 
the reason for leaving an employer spell if they had missing responses in either 1992-3 or 
2004. This is because the 2004 variables for types of job loss are cumulative, including the 
respondent’s employment history back to 1975. In fact, the great majority of missing 
                                                 
24
 While respondents were also asked about health on the telephone survey, the question was worded in a 
slightly different manner. Only 55% of respondents answering questions about health on both the mail and 
telephone surveys in 2004 gave the same response. Therefore I did not include telephone responses to the 
question on self-rated health.   
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responses to the reason for leaving an employer spell come from the second employer spell 
in the 1992-3 interview. Nearly 600 respondents refused to answer the question of why they 
left their second employer spell in the 1992-3 interview. I have no idea why so many 
respondents refused to answer questions about that particular employer spell. Unfortunately, 
if respondents refused to answer this question for even one employer spell, we can not be 
certain whether they did or did not experience the several types of involuntary job loss.25  
Following the method used by Burgard, Brand and House (2007), I excluded  
respondents who were missing information on why they had left a job spell from analysis. It 
should be noted that the probability of missing information on whether the respondent has 
experienced involuntary job loss does not appear to be a function of the dependent variable: 
self-rated health. In 2004, the mean for self rated health was 4.03 for respondents with 
complete job loss data and 4.05 for respondents with missing data. In 1992-3, the mean 
health score was 3.80 for respondents with complete data and 3.78 for respondents with 
missing data.  
In addition, when the percentage of respondents who are missing employment data is 
calculated separately for each level of self-health rating, the entire range of values is on the 
order of 1.5 percentage points: In 1993, the percentage of respondents in each self-health 
rating category who are missing employment ranged from 6.7% for respondents with a self-
health rating of 1 to 8.2% for respondents with a self-health rating of 5. In 2004 the 
percentage of respondents missing employment data ranged from 7.4% for respondents with 
a self-health rating of 2 to 8.9% for respondents with a self-health rating of 5. The one 
exception to these trends was that in 2004, 11% of respondents with a self-heath rating of 1 
                                                 
25
 For instance, even if they were displaced from one spell, quit another and have missing data on another, we 
won’t know if they also experienced one of the other types of job loss for the spell with no response on the 
reason for leaving it.  
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were missing employment data. However, in general, the small differences in the amount of 
missing employment data between the levels of self-health rating suggest that using listwise 
deletion is appropriate26.   
An additional 12 cases were eliminated because they were missing data on the date 
when they left a job from which they had been displaced,  making it impossible to determine 
‘age at displacement’ or  ‘time since displacement’.  Following Burgard, Brand and House, I 
also excluded 474 person-year observations for respondents who had not worked at all 
between 1975 and the time when health was measured.  
As has been noted, data on up to 4 employer spells was collected in 1992-3 and up to 
eight employer spells in 2004. A total of 815 cases (person-year observations) of the final 
sample (with valid data for health and why and when they left each job) had held more than 4 
employer spells between 1975-1992-3. Therefore in effect the data from these spells is 
‘missing’. I spoke to Jennie Brand about these cases. Burgard, Brand and House (2007) 
included these cases. The WLS includes the first two employer spells, and then skips to the 
second to last spell if the respondent has more the 4 employer spells27. Burgard, Brand and 
House believed that it would be unlikely that a respondent would experience a displacement 
or other type of job loss that would not be captured in one of the four employer spells in the 
data set. As far as displacement is concerned, even if some displacements are not counted, 
this is likely to result in downward bias of the coefficients, as respondents who have actually 
experienced a displacement will be lumped in with respondents who have not experienced a 
                                                 
26
 I also think that developing an equation to accurately estimate whether a respondent had experienced the 
various types of involuntary job loss would be extremely difficult to do. See also footnote 29 for additional 
details.   
27
 Spells lasting less than 6 months are not included in the data set unless they are the most recent spell in which 
case 5 spells are included.  
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displacement.  Therefore, I can be relatively confident that I am not over-estimating the 
impact of displacement on health by including these respondents.2829   
The concern would be if other types of job loss are also under-estimated, then what 
appears to be the impact of displacement could actually be the impact of another type of job 
loss. In this research, variables for these other types of job loss essentially serve as method of 
controlling for personal characteristics that might be associated with both displacement and 
health. However, in regards to temporary/seasonal job loss, 97% of the respondents with an 
extra spell are already coded as having experienced temporary/seasonal job loss. Therefore it 
is very unlikely that any of this type of job loss were missed. As far as leaving a job for 
health reasons is concerned, in terms of capturing the impact on current health, this is most 
likely relevant for jobs most recent in time chronologically to when health is measured. The 
most recent two jobs will be captured by the survey.  The same can potentially be argued for 
firing/discharge, as can a twist on the argument used by Burgard Brand and House, namely 
that if characteristics which lead to being fired are permanent (and therefore likely to impact 
health), they will probably be reflected by a ‘firing’ experience already captured in the data 
set. In addition, the univariate statistics (see Table 5) indicate that as of 1992-3, being fired 
had no perceptible association with health. Finally, business failure is such a rare occurrence 
in the sample that missing data is unlikely to be a concern.  
                                                 
28
 I also experimented with adding a dummy variable for having a missing spell (e.g. more than 4 total spells). 
This was not significant and lead to only negligible changes in the other coefficients. Because the results were 
very slightly more conservative not including the dummy variable, I left it out of the final models.  
29
 I chose not to impute displacement or other types of job loss for either the respondents missing a reason for 
why they left a job or for the respondents missing employment spells all together (because of having more than 
4). In addition to some discomfort with imputing large amounts of data for a key variable, because all of the 
variables to be imputed (if the respondent experienced a particular type of job loss) are dichotomous and nearly 
all of my other variables (excluding earnings and the parents SES) are dichotomous, imputation methods would 
be essentially assigning a ‘yes’ or ‘no’ based on combinations of characteristics which seems overly 
deterministic, even when random imputation is used. Imputing the time of displacement would also be tricky.    
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My models however present an additional problem. Because I wish to examine ‘time 
at displacement’ and ‘age at displacement’ based on the latest chronological displacement, I 
need an accurate estimate for the year of the latest displacement. Substituting the time for an 
earlier displacement would produce incorrect data. For age at displacement, this is not likely 
to be relevant because two of the age categories (displacement at ages 56-61 and 
displacement at ages 62 and older) only occur in the 2004 data set for which all employer 
spells are captured. Some displacements in the third age category (displaced at ages 50-55) 
occur in the last 3-4 years of the 1992-3 data set. Because the final two employer spells are 
included for all respondents, I am pretty confident that I am accurately capturing 
displacements in this age range. In regards to time since displacement, the missing spells may 
create some noise in my data, in that respondents who actually experienced a displacement 7-
9 or 10-12 years prior to the measurement of health might be coded as having experienced an 
earlier displacement instead.   
Ultimately, I chose to include the respondents for two primary reasons. First, as this 
paper is in a sense a follow-up paper to the research conducted by Burgard, Brand and House 
(2007), I wanted to replicate their sample as much as possible, so that any differing results 
can be interpreted as being due to my model specification and not merely a different 
construction of the sample. Secondly, I felt that excluding respondents who have had many 
employer job spells would be potentially problematic because these respondents have a 
distinct type of employment history. As has been stated, they are much more likely to hold 
temporary and/or seasonal jobs. The impact of displacement on health may differ somewhat 
for such respondents as compared to respondents with fewer employment spells (e.g perhaps 
these respondents have had more difficulty finding a permanent job?). If this is the case, then 
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the research would suffer from external validity concerns if these respondents are excluded30. 
Finally, I did run the analysis excluding the respondents with missing spells due to having > 
4 jobs and found minimal changes in the results31.  
Other than earnings, there was very little missing data for the other independent 
variables I have discussed. None of the covariates was missing for more than 45 person-year 
observations, or less than 0.4% of the sample with complete data on health and reasons for 
leaving employer job spells. In all, only 88 cases total had missing data on any of the 
covariates. Because the percentage of cases missing data on any of the covariates was so 
small, any biases resulting from the exclusion of cases with missing data are likely to be 
negligible. Therefore I decided to use listwise deletion for the missing data on these 
covariates32. The final sample with complete data for all the covariates was 11566 
observations. Earnings was missing for approximately 10% of the sample in 1975 and 8% in 
1992-3 and 200433. I therefore used multiple imputation methods to estimate earnings for 
each year.  
 
                                                 
30
 It should be noted that the issue of extra spells does not apply to my fixed effects models as these only 
capture job loss between 1992-3 and 2004. Therefore the respondents can be included with no issues. One other 
reason to include the respondents with extra spells is thus to make the sample for the random effects and fixed 
effects models as similar as possible.  
31
 The only relevant change was that the main effect of displacement was only significant at p < .1 in the initial 
ordered probit model (Model 1). Not surprisingly temporary/seasonal job loss was also less significant due to 
sample sizes but this is not a focus of this project. 
32
 As did Burgard, Brand and House (2007). In addition, as noted above because the covariates with any 
missing data were all dichotomous, and nearly all of the variables used to impute them are dichotomous, 
imputation methods would be essentially assigning a ‘yes’ or ‘no’ based on combinations of characteristics 
which seems overly deterministic.    
33
 In 2004, a method was used where respondents who failed to provide a dollar amount for one or more of 
several components of earnings (wages, business earnings, etc) were asked to list their earnings within a range. 
The ranges were relatively narrow (within $10,000 for earnings up to $50,000 and within $25,000 up to 
$125,000). Where a range for a specific element of earnings was provided instead of a dollar value 
(approximately 20% of cases), I took the midpoint of the range. While this method does underestimate the 
variance of earnings somewhat, I felt this method would provide a more accurate estimate of earnings than 
simply imputing the data for respondents who did not have dollar values for one or more of the several 
components of earnings. If I did not use this method I would have needed to impute earnings for approximately 
33% of the sample.  
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Analysis Plan 
I use the following methods: Ordered Probit Models, Fixed Effects Models and 
Models with Intervening Variables, which I will described in turn. 
 
Ordered Probit Models 
I used a series of six ordered probit models to estimate the impact of displacement on 
health. The first ordered probit model included a variable for whether the respondent had 
been displaced. The second model added an interaction term indicating whether the 
displacement occurred in a calendar year where the United States unemployment rate was 
greater than 6.0. This variable was included in all subsequent models. In the third, fourth and 
fifth models respectively, I added the series of interaction terms described in Table 2 to 
assess the impact of time since displacement, age at displacement and displacement by 
educational category. Model 6 included the main effect of displacement and all significant 
interaction terms from the previous models. All six models included the full set of covariates 
described in Table 2.  
 
The ordered probit model for panel data can be represented as follows:  
Yti* = Xtiβ + µi  + εti  
 
where: 
Yti* is a continuous latent index for self-rated health 
Xti includes the variables shown for each respective model 
µi  is the portion of the error specific to the individual which does not vary over time 
εti is the time variant portion of the error term 
‘i’ represents the individual respondent   
‘t’ represents time: either 1992-3 or 2004   
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The corresponding observed Yti  is the ordered scale shown in Table 2 with 5 = ‘excellent 
health’ and 1 = ‘ very poor health’. We observe: 
Yti  = 1 if Yti* < τ1   
Yti  = 2 if τ1  < Yti*  < τ2   
Yti  = 3 if  τ2  < Yti*  < τ3   
Yti  = 4 if  τ3  < Yti*  < τ4  
Yti  = 5 if  τ4  < Yti*     
 
where  τ1, τ2, τ3 and τ4 are thresholds estimated by the model.34 
Because the WLS data include repeated measures of the same individuals over time, 
the error term for models using these data has two components, µi and εti. Due to the 
presence of µi, the composite error term is correlated within respondents over time. As a 
result, although ordinary ordered probit models will produce unbiased and consistent 
estimates of the coefficients, the standard errors for these coefficients will be incorrect 
(downwardly biased). Therefore I used robust standard errors which adjust for correlated 
errors within respondents. Using this technique with panel data produces unbiased consistent 
coefficient estimates with correct standard errors (Greene 2003, Hisao 2003). 
In order to help to the interpret the results from the final ordered probit model, 6, I 
conducted a series of microsimulations to estimate the impact of experiencing displacement 
on the predicted probability of having each self-rated health value (1=very poor health, 2 = 
poor health, 3 = fair health, 4 = good health, 5 = excellent health). Using the coefficients 
                                                 
34
. STATA version 11 was used to estimate these and all other models. For identification purposes, STATA 
does not assign an intercept to the model but estimates all thresholds (also called cutpoints). I originally planned 
to use random effects ordered probit models as this type of model produces the most efficient unbiased 
estimates. However random effects nonlinear models are sensitive to assumptions and model mis-specifications, 
in particular the distributional assumptions about the time invariant error term µi (Course Lecture Economics 
873, UNC Chapel Hill Spring 2008). Since I only have two time periods with which to estimate µi,  I decided it 
would be safer to use ordered probit with corrected standard errors instead. Experimentation with random 
effects ordered probit models indicated that the loss of efficiency in my coefficients resulted in very little if any 
loss of statistical significance for my coefficients.  
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from Model 6, predicted probabilities (of having each self-rated health value) for each 
respondent were simulated several times, first assuming the respondent was not displaced, 
then assuming the respondent was displaced. Multiple simulations assuming displacement 
were constructed in order to vary the age at displacement and unemployment rate at the time 
of displacement. Each respondent retained their own value for each of the other covariates. 
Separate simulations were conducted for respondents in each educational attainment level. 
Therefore, the simulated probabilities were averaged across all respondents with a specific 
educational level.  
 
Fixed Effects Models 
The ordered probit models operate under the assumption that displacement is an 
exogenous variable vis a vis the health of respondents at the time of displacement. In fact, the 
displacement variable was constructed specifically to be as exogenous as possible, by 
excluding involuntary job loss due to being fired (these respondents might be in poorer 
health) and job losses related to health reasons. However, we can not rule out the possibility 
that respondents who were displaced were more likely to have unobserved characteristics not 
captured by the model that might influence their health, irrespective of the experience of 
being displaced. Such characteristics could include minor health conditions or behaviors that 
are detrimental to health. This is not an unreasonable concern, as there is evidence that when 
deciding who to lay off, employers take into account work productivity and other work 
related characteristics (Romm 1995, Elvira and Zatwick 2002, McCune 1988). These may in 
turn be related to minor health conditions or other personal characteristics that might 
influence health  It is also possible that respondents who select jobs in industries which have 
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high displacement rates may be more likely to have unobserved characteristics associated 
with poorer health. In order to address these issues I also estimated a series of fixed effects 
models.  
The fixed effects model makes use of the panel nature of the data to control for time 
invariant unobserved characteristics not otherwise captured by the model. There are many 
ways to mathematically represent a fixed effects model, but one way to conceptualize it is 
that a dummy variable is added to the model for each individual. These dummy variables 
absorb the effect of unobserved characteristics that are fixed for that respondent over the span 
of time during which data is collected35.  
The fixed effects method is not helpful in controlling for unobserved characteristics 
of the respondent that vary over time. Therefore the assumption of the fixed effects model is 
that the relevant unobserved characteristics that might be associated with key independent 
variables of interest are in fact fixed over time. For this sample, the span of the time over 
which data were collected is 12-13 years (1992-3 through 2004)36. Given that this span of 
time occurs relatively late in life, when work related characteristics and health related 
behaviors are fairly well established, I think it is reasonable to expect that the unobserved 
characteristics of interest will stay fixed over the 12 years. Therefore the fixed effects model 
will be useful.   
                                                 
35
 A general linear model for panel data can be represented as follows: Yti = Xtiβ + µi  + εti. Yti = a continuous 
measure of health from 1 to 5. The µi represent the unobserved characteristics that are fixed over time. The 
fixed effects model absorbs these characteristics into a dummy variable for each respondent. Hence they are 
‘brought into the model’: Yti = Xtiβ +∑αi  + εti. 
36
 Note the relevant time is the span between dependent variables. The fact that some of the independent 
variables were measured at earlier points in time and that the employment history is retrospective is irrelevant.  
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Because it is not possible to estimate a fixed effects model for ordered probit with 
two time periods, I have estimated linear fixed effects models37.  I think this is generally 
valid for self-rated health as an outcome, because, as contrasted with some types of ordered 
measures (e.g. church attendance: weekly, monthly never) which are clearly ordered, a self-
rating of health on a 1-5 scale is approximately linear in its construction. Clearly it is 
preferable to use the more flexible ordered probit model, but as that is not possible for the 
fixed effects model, the linear model is a reasonable substitute. Using a linear model to 
estimate an ordered outcome is not uncommon. In fact, Burgard, Brand and House (2007) 
focus mainly on interpretation of a linear model in their paper, which they note as being 
comparable to the ordered probit model they also estimated. For purposes of general 
comparison, and to illustrate the general validity of using a linear model to estimate an 
ordered outcome, I also estimated Model 6 (my final ordered probit model) using a linear 
model. Due to the fact that my sample includes repeated measurements for individual 
respondents over time, I used a random effects (random intercept) model38. This model uses 
weighted least squares to estimate efficient, unbiased coefficients with correct standard errors 
in the presence of panel data (Hsiao 2003)39. 
                                                 
37
 When fixed effects models (the dummy variable version) are used with non linear outcomes, the bias can be 
severe when the number of time periods is small, on the order of close to 100% with t = 2 (Greene 2003). The 
Chamberlain’s fixed effects model is not appropriate to use unless it can be assumed that the outcome will 
increase over time for some respondents and decrease for others. Since, all else being equal, health tends to 
decline between age 55 and 65, it is not really a reasonable estimation technique for self-rated health. In 
addition, the categories would have to be collapsed and health research is sensitive to choice of categories in a 
scale (Fritjers and Ulker 2007, Idler and Benyamini 1997) 
38
 The results for this model are shown in Model 8 in Table C-2 in Appendix C. In terms of the sign and 
significance of the key coefficients, the results are comparable to Model 6 
39
 The random effects (random intercept) linear model can be represented as follows: Yti = Xtiβ + µi  + εti where 
‘i’ represents the individual respondent, Xti includes the variables shown for each respective model. The 
subscript ‘t’ for time is either 1992-3 or 2006.  Yti is a continuous measure of self-rated health. Because the 
WLS data include repeated measures of the same individuals over time, the error term for models using these 
data has two components: εti is the time variant portion of the error while µi  is the portion of the error specific to 
the individual which does not vary over time. Due to the presence of µi, the composite error term is correlated 
within respondents over time. Therefore OLS will produce incorrect standard errors for the coefficients. 
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A few things are important to note about the fixed effects models for this paper. In a 
fixed effects model, all time invariant characteristics (education, gender) are absorbed into 
the fixed effect and are not separately estimated. Because the outcome variable (health) was 
measured in 1992-3 and 2004, all displacements prior to 1992-3 are treated as a time 
invariant characteristic, as they do not change (occur) between 1992-3 and 2004. Therefore, 
in the fixed effects model, ‘displacement’ includes only displacements between 1992-3 and 
2004. Earlier displacements are controlled for, but their impact on health is not evaluated40. 
The same is true of other types of involuntary job loss. The impact of other employment 
related variables such as occupation and industry also are restricted to respondent 
experiences between 1992-3 and 2004. For instance, occupation and industry variables are 
recoded from ‘ever worked in this occupation/industry’ to ‘worked in this 
occupation/industry at some point between 1993-2004’. 
As with the ordered probit models, I estimated a series of fixed effects models. The 
first model evaluates the impact of the main effect of displacement. The subsequent models 
add variables to assess the moderating impact of the United States unemployment rate (above 
or below 6.0), the age at displacement (above or below 62 years) and the educational 
attainment of the respondent (no college education, some college education and bachelors 
degree or higher). The final model estimates the impact of all moderating factors.  
Because the fixed effects models only consider displacements that took place between 
approximately ages 54 and 65, the interpretation of the interaction terms for age at 
displacement must be interpreted in this context. That is, the coefficient for age at 
                                                                                                                                                       
 
40
 If a respondent was displaced more than once, I used the latest displacement; therefore these displacements 
are included in the fixed effects models. Essentially I created separate variables for involuntary job losses prior 
to 1992-3 and post 1992-3 for the fixed effects models; the former are simply absorbed into the fixed effect.  
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displacement 62+ is comparing the impact of displacement at ages 62+ with displacement at 
ages 54-61. An additional caveat is that because the model only specifically estimates the 
impact of displacements that took place between the two time points when health is 
measured, it is not possible to distinguish between time since displacement and age at 
displacement. I therefore will interpret the results of the variable for displaced age 62 and 
older keeping both the concepts of age at displacement time since displacement in mind41.  
Finally, because the fixed effects models only estimate the impact of displacements 
between 1992-3 and 2004, the number of displacements is much smaller than in the ordered 
probit models. For instance, there are only 469 total displacements, 86 of which occur when 
the unemployment rate is over 6.0, 95 of which happen to respondents with a bachelors 
degree and 129 of which occurred at ages 62 and older. Therefore the fixed effects models 
lack statistical power and subsequently results for the interaction terms are sensitive to which 
category is used as the reference category. In order to make use of as much statistical power 
as the model can provide, wherever possible, I estimated unemployment rate by 
displacement, education by displacement and age by displacement as specific groups rather 
than as main effects and interaction terms. In such models there is no main effect of 
displacement, only the effect for specific groups. This method avoids the problem of an 
effect being split between the main effect and the interaction term.  
 
Models with Intervening Variables: 
In order to examine the extent to which health insurance serves as an intervening 
variable between displacement and health, I re-estimated the final ordered probit and fixed 
                                                 
41
 Because the ordered probit models suggested that displacement at ages lower than 62 did not have a 
moderating impact, and because of the smaller range of ages at displacement, in the fixed effects models, I did 
not include a variable to distinguish between displacement at  the various ages between 54 and 61. 
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effects models adding a variable for access to employer sponsored health insurance through 
the current or most recent job. To assess the contribution of earnings, I added a variable for 
earnings change between 1975 and the year in which health was measured (1993 or 2004) for 
the ordered probit models and a measure of earnings in the year in which health was 
measured to the fixed effects models.  In these models, all earnings (1975, 1992-3 and 2004) 
were adjusted to 2004 dollars using the Consumer Price Index. A note on the differences 
between the model specification for the ordered probit and fixed effects models is in order.  
Researchers are often interested in distinguishing between the impact of the level of 
earnings on health, and the impact of earnings change on health. Because 1975 (pre-
displacement or baseline) earnings is an important covariate in the ordered probit models, it 
is essentially impossible to estimate the contribution of the level of later earnings as an 
intervening variable in the impact of displacement on health. If both 1975 and 1992-3/2004 
earnings are included in the same model (not shown in the results), the results for all other 
coefficients are mathematically identical to a model with earnings in 1975 and earnings 
change between 1975 and 1992-3 /2004; essentially in such a model the two earnings 
variables combine to capture earnings level and earnings change42.   
For the fixed effects models, the time invariant measure of earnings in 1975 is 
implicitly absorbed in to the fixed effect. Therefore it is possible to add a measure of the 
level of earnings in the year health was measured. Because the fixed effects models capture 
displacements between 1992-3 and 2004, the measure of the level of earnings in 1992-3 and 
2004 that is added to these final models captures pre-displacement or baseline earnings for 
1992-3 survey responses and post-displacement (or simply follow-up) earnings for 2004 
                                                 
42
 Such a model is a bit of a mess in terms of earnings due to collinearity. The more recent earnings measure 
tends to outweigh the earlier one; it is next to impossible to distinguish what is really earnings change from 
level of income. 
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survey responses. This is not problematic due to the structure of the fixed effects models. All 
of the variables in the fixed effects models capture baseline (or pre-displacement) status in 
1992-3 and subsequent (or post-displacement) status in 2004. Similar to all fixed effects 
coefficients, we can interpret the coefficient for earnings as either the impact of the change in 
earnings on the change in health, or simply as the impact of the level of earnings on health. 
CHAPTER III: RESULTS 
 
Descriptive Statistics 
Table 5 below shows the average self-rated health for respondents who have 
experienced and not experienced each specific type of job loss, as well as the number of 
survey respondents experiencing each specific type of job loss. I have shown the results 
separately by year to avoid confounding effects of survey year: More respondents have been 
displaced by 2004 (as displacement is cumulative over time) and respondents will tend to 
have worse health in 2004 as they are older.  It is important to note that Table 5 compares the 
impact on health for each type of job loss separately. Respondents who have experienced 
more than one type of job loss would thus be counted as having experienced job loss in 
multiple rows. The multivariate models discussed later control for the confounding effects 
due to experiencing multiple types of job loss. 
We see from Table 5 below that within each year, the average health rating is slightly 
lower for individuals who have experienced displacement, retirement displacement, 
firing/discharge, or temporary/seasonal job loss compared to individuals who did not 
experience those types of job loss. Not surprisingly the effect of job loss is most pronounced 
(more than a .5 difference on a 5 point scale) for respondents who left a job for health 
reasons. Business failure is a relatively rare occurrence and appears to have a minimal impact 
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on self-rated health43.  The fact that business failure shows a slight positive impact may 
reflect positive health among business owners.  
 
Table 5: Average Self-Rated Health by type of Involuntary Job Loss  
 Average Health  
with this type of 
Job Loss 
Average Health 
without this type of Job 
Loss 
Number of Survey 
Respondents 
experiencing this 
type of  Job Loss  
1992-3    
Displacement 4.10 4.16 812 
Retirement Displacement ---- ---- 0 
Left Job for Health Reasons 3.56 4.18 273 
Fired/Discharged 4.15 4.15 247 
Temporary/Seasonal Loss 4.01 4.16 93 
Business Failure 4.18 4.15 17 
    
2004    
Displacement 3.99 4.04 1113 
Retirement Displacement 3.99 4.03 239 
Left Job for Health Reasons 3.48 4.09 577 
Fired/Discharged 3.97 4.03 341 
Temporary/Seasonal Loss 3.95 4.03 259 
Business Failure 4.04 4.03 52 
 
Table 6 compares the average health ratings by displacement status separately for 
three levels of educational attainment. 
 
Table 6: Average Self-Rated Health by Displacement and Educational Attainment  
 Average Health  
with Displacement 
Average Health 
without Displacement 
Number of Survey 
Respondents:  
Displacement/Total 
No College Education 4.01 4.01 1304/7013 
Some College 4.03 4.14 263/1567 
Bachelors Degree or more 4.15 4.29 358/2986 
                                                 
43
 Differences in health ratings for displaced, left job for health reason, and temporary/seasonal job loss are 
significant at p < .05 using t-tests. Differences are not significant for retirement displacement, fired/discharged 
or business failure.   
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The results in Table 6 (and Table 9) are pooled across the 1993 and 2004 surveys. In 
calculating sample numbers, the unit of analysis is thus the person-year; individuals who 
responded to both surveys (1993 and 2004) are counted twice. We see that the impact on 
self-rated health of experiencing displacement is imperceptible for respondents with no 
college education. The effect is larger for individuals who have completed some college (.11) 
or have at least a bachelors degree (.14). These results suggest that education is an important 
moderating factor on the impact of displacement on health. Somewhat surprisingly, the 
negative impact of displacement appears to be larger for those with more education44.  
 
Table 7: Average Self-Rated Health by Time Since Displacement and Survey Year  
Years Between Displacement 
and Health Rating   
Average Health  
1993 Survey 
Average Health  
2004 Survey 
No. of Individuals 
1993, 2004  
0-3 years 4.15 3.90 221,147 
4-6 years 4.14 4.12 141, 138 
7-9 years 4.06 4.04 139,134 
10-12 years 4.04 3.94 135.126 
13-15 years 4.04 4.00 111,139 
More than 15 years 4.11 3.98 65,429 
 
Table 7 examines the extent to which displacement on health changes with the 
duration of time since the displacement. I examined the impact on 1993 self-rated health and 
2004 self-rated health separately in order to tease out what may be complex relationships 
between the impacts of age at displacement and time since displacement. The difference in 
health based on duration since displacement is not very large. The largest and smallest 
impact are separated by .11 in 1993 and .18 (excluding 0-3 years) in 2004.   
For the 2004 survey, we find a unique pattern that the respondents who were 
displaced within the 3 years prior to the survey have a health self-rating that was on average 
                                                 
44Differences in health between displaced individuals and those who are not displaced are statistically 
significant (p < .05) using t-tests for respondents with some college education and respondents with a bachelors 
degree but not for respondents with no college education. 
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approximately .18 lower than those who were displaced 4-9 prior to the survey. The health 
self-ratings for individuals displaced in the past 3 years were also lower than those displaced 
10+ years prior to the survey, although the differences were not as large. Because this 
marked difference in health between recent (0-3 years) and longer term displacements is only 
present in the 2004 survey, the data suggest that the relevant factor is actually the age at 
displacement. Respondents displaced 0-3 years before the 2004 survey were displaced at 
approximately age 62 or older. Perhaps there is something particularly difficult about being 
displaced at this age. 
Excluding the respondents displaced less than three years prior to 2004, we see a 
general trend that the health of those displaced approximately 10-12 prior to the health 
assessment is worse that those displaced both more recently and longer ago. It is important to 
remember that the years 10-12 years prior to 1992-3 (1981-83) and 2004 (1992-4) were peak 
periods of unemployment in the business cycle.  Figure 2 shows the US annual 
unemployment rates 1975-2005. This suggests that economic conditions may be an important 
moderating factor in the impact of displacement on health. 
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Figure 2: United States Unemployment Rate 1975-2005 
 
Multivariate Models 
Table 8 presents a summary of the variables used in the multivariate models. We see 
that displacement is a relatively common occurrence (17% of the sample has experienced 
displacement). Displacements are fairly evenly dispersed over time although slightly more 
displacements occurred in the years just before the surveys were administered (1990-1993 
and 2001-2004). This is not surprising as those were recession years. Approximately half of 
the sample is male. This is a fairly well educated sample relative to the general U.S. 
population born in 1939: one quarter of the sample have at least a bachelor’s degree and an 
additional 14% have at least some college. Not surprisingly then, there is strong 
representation in white collar occupations, with nearly a third of the sample having work 
experience in professional/technical,  managerial and administrative/clerical positions. Blue 
collar occupations are also well represented; nearly a third of the sample has been employed 
in craft, operator or laborer positions. The average respondent earnings of $43,000 is well 
above the national median for 2004, although  only two thirds of respondents report that 
health insurance was offered at their current or most recent job.  
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 Table 8: Summary of Variables Used in Analysis  
Variables Mean/Percentage of Sample Standard Deviation 
Health 4.09 .67 
Experienced Displacement  16.7%  
Displaced 0-3 years ago  3.2%  
Displaced 4-6 years ago  2.4%  
Displaced 7-9 years ago  2.4%  
Displaced 10-12 years ago  2.3%  
Displaced 13-15 years ago  2.2%  
Displaced 15 or more years ago  4.3%  
Displaced at ages 50-55  4.6%  
Displaced at ages 56-61  2.4%  
Displaced over age 62  1.2%  
Displaced and Some College  2.3%  
Displaced and Bachelors Degree or higher  3.1%  
Retirement Displacement  2.1%  
Business Failure  0.6%  
Temporary/Seasonal Job Loss  3.0%  
Fired or Discharged   5.1%  
Left Job for Health Reasons   7.3%  
Year is 1992-3 (age is approximately 54) 52..3%  
Male 47.2%  
Never Been Married  4.1%  
Widowed/Divorced Separated 14.9%  
Some College 13.5%  
Bachelors Degree or Higher 25.8%  
Earnings in 1975 (in 2004 dollars) $33,447 $36,810 
Earnings year Health was Measured  
(1992-3 or 2004) (in 2004 dollars) 
$43,607 $50,370 
Parents SES 1957 (factor score from 1-97) 16.3 11.2 
Ever employed in Manufacturing, Mining or 
Construction Industries 
35.6%  
Ever employed in the following occupation:   
Professional/Technical 31.6%  
Executive/Managerial 28.6%  
Administrative/Clerical 31.1%  
Sales 20.7%  
Skilled Craft, Operator or Laborer 27.9%  
Service 15.4%  
Military  0.1%  
Farming  5.0%  
Health Insurance avail at Current/Last Job  67.1%  
N = 115466  (for 1975 income, N = 10432) (for 1992-3 or 2004 income, N =10601   ) 
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Multivariate Analysis  
The results from the initial ordered probit model are shown in Table 9. 
 
Table 9: Impact on Self-Rated Health: Ordered Probit Initial Model 
 
 Model 1 
 Coefficient Std Error 
Displaced   -0.079* (0.034) 
Retirement Displacement -0.071 (0.071) 
Temp/Seas Job Loss -0.157* (0.061) 
Fired/Discharged -0.054 (0.055) 
Left job for health reason  -0.891*** (0.051) 
Business Failure -0.023 (0.164) 
Year is 1993 (age is approximately 54)  0.171*** (0.018) 
Bachelors Degree or more  0.296*** (0.039) 
Some College   0.122*** (0.040) 
(reference group: no college education)   
Widowed/Divorced/Separated -0.116*** (0.035) 
Never Been Married -0.332*** (0.064) 
(reference group: currently married)   
Earnings 1975 ($1,000)  0.002*** (0.000) 
Parents SES 1957  0.005*** (0.001) 
Male -0.152*** (0.036) 
Ever employed in the following industries/occupations:   
Manufacturing/Mining/Construction -0.116*** (0.031) 
Professional/Technical  0.112*** (0.033) 
Executive/Managerial  0.091** (0.030) 
Military  0.503 (0.332) 
Farming -0.006 (0.053) 
Service -0.013 (0.036) 
Administrative/Clerical  0.104*** (0.031) 
Sales  0.086** (0.033) 
Craft/Operator/Laborer  0.016 (0.035) 
N = 11566         * p <= .05     ** p <= .01     *** p <= .001        + p < .1 
 
 Model 1 includes displacement, the additional types of job loss presented in Table 5 
and the set of covariates presented in Table 9. We see from Model 1 that the standard 
covariates are statistically significant and in the expected directions. Being younger 
(approximately 54 as opposed to 65), female, married and having additional education 
beyond high school are all associated with a higher probability of being in better health. In 
addition, higher earnings in 1975 and growing up in a family with higher SES are associated 
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with a higher probability of being in better health.  Working in manufacturing, mining and 
construction are associated with a lower probability of being in better health, whereas some 
occupations (professional/technical, managerial, administrative/clerical and sales) serve as a 
protective factor vis a vis health.  
Not surprisingly, experiencing a temporary or seasonal job loss and leaving a job for 
health reasons are significantly associated with a lower probability of being in better health.  
The coefficients for fired/discharged, business failure and a retirement displacement are 
negative but not statistically significant. For the latter two coefficients, this is likely related to 
the small number of business failures and the small number of individuals who experienced a 
retirement displacement without previously having experienced a standard displacement. 
Finally, we see from Model 1 that the coefficient for displacement is statistically significant 
and negative. Therefore, experiencing displacement is significantly associated with a lower 
probability of being in better health.  
I then estimated a series of models adding interaction terms to estimate the 
moderating impact of economic conditions in the year of displacement, time since 
displacement, age at displacement and the educational attainment of the displaced workers. 
These results are presented in Table 10. Because the magnitude and significance of the 
covariates barely changed across models, I have not included the covariates in Table 10. The 
full set of coefficients and standard errors for Models 2-6 can be found in Table 18 in 
Appendix C.   
Model 2 adds an interaction term indicating that the respondent was displaced in a 
year in which the United States unemployment rate was greater than or equal to 6.0. We see 
from Table 10 that being displaced in a year when the United States unemployment rate was 
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above 6.0 has a negative impact on the probability of being in ‘better health’. In Model 2, the 
main effect estimates the impact on the probability of being in ‘better health’ of being 
displaced in a year when the United States unemployment rate was less than 6.0. 
Interestingly, the main effect for displacement in Model 2 is very small and is not statistically 
significant. This suggests that the negative impact of displacement is restricted to 
respondents displaced in a year when the U.S. unemployment rate is above 6.0. Due to the 
apparent significance of economic conditions in the year of displacement, the interaction 
term for unemployment rate in the year of displacement was  included in all subsequent 
models.  
Table 10: Impact on Self-Rated Health: Ordered Probit Models 
 Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
Displaced   -0.079* -0.019 -0.052 -0.035  0.039  0.060 
       
Economic Conditions       
Displaced &  
US unemp rate >= 6.0  
-
0.146** -0.127* -0.137* -0.150** -0.159** 
(ref group: displ & UR < 6.0)       
       
Time Since Displacement       
Displaced  4-6 years ago     0.129    
Displaced  7-9 years ago     0.046    
Displ. 10-12 years ago   -0.031    
Displ. 13-15 years ago     0.009    
Displaced  15+ years ago     0.014    
(ref group: displ <3 yrs ago)       
       
Age at Displacement       
Displaced at age 50-55     0.052   
Displaced at age 56-61     0.085   
Displaced at age 62+    -0.209*  -0.260** 
(ref group: displ <age 50)       
       
Displacement by Education       
Displaced and BA      -0.192* -0.203* 
Displ. and Some College     -0.143 -0.144 
(ref group: displ & no coll)       
 
N = 11566         * p <= .05     ** p <= .01     *** p <= .001        + p < .1 
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Model 3 includes interaction terms for experiencing displacement 4-6 years prior to 
the survey, 7-9 years prior to the survey 10-12 years prior to the survey etc. The reference 
category is experiencing a displacement 0-3 years prior to when health was measured. The 
main effect of displacement in Model 3 is thus the impact of experiencing displacement both) 
less than 3 years prior to the year in which health was measured and 2) in a calendar year 
when the U.S. unemployment rate was < 6.0. The interaction terms measuring the differential 
impact of duration since displacement are generally quite small and do not present any clear 
pattern. None are statistically significant, suggesting that the impact of displacement on 
health does not alleviate or grow stronger with additional time since displacement. 45  
Model 4 adds interaction terms to assess the extent to which the impact of 
displacement on health varies according to age at displacement. The reference category is 
experiencing a displacement under age 50. The main effect of displacement in this model is 
the impact of experiencing a displacement 1) under age 50 and 2) in a year when the annual 
United States unemployment rate was < 6.0. The interaction term for experiencing 
displacement at ages 62 and over is negative and statistically significant suggesting that 
experiencing a displacement at ages 62 and older is harmful for one’s health even in times of 
low unemployment, although it will be even more harmful in times of greater unemployment. 
The coefficients for displacements at ages 50-55 and 56-61 are not significant suggesting that 
the impact of displacement at these ages does not differ from the impact of displacements 
occurring below age 50.    
                                                 
45
 I ran Models 3 and 4 combining retirement displacement with displacement for the purposes of the interaction 
terms and then excluding retirement displacement from the interaction terms. There was no perceptible change 
in the results. Because the impact of retirement displacement appears to be distinct, in the final models 
presented here I exclude retirement displacement from the interaction terns.  
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Model 5 adds interaction terms to assess the extent to which the impact of 
displacement on health varies according to the education level of the respondent. The 
reference category is experiencing a displacement and having no college education. The main 
effect of displacement is experiencing a displacement 1) for respondents who have no college 
education with 2) in a year when the annual United States unemployment rate was < 6.0.  In 
Model 5 we find that the interaction term between displacement and having at least a 
bachelor’s degree is negative and statistically significant, suggesting that the negative impact 
of displacement on health is stronger for respondents with the most education. The 
interaction term for displacement and having some college education is not statistically 
significant. However, there are not many respondents in the displaced and some college 
education category (n = 263), therefore the model has minimal statistical power vis a vis this 
group.  
One possibility to consider is that the negative impact of displacement is stronger for 
bachelor’s degree holders because respondents with some or no college education are more 
likely to die rather than remain alive in poor health. If we apply the logic that mortality is a 
measure of poorest health, the model would thus underestimate the impact of displacement 
on health for respondents with no college and overestimate the difference between the impact 
for these individuals and those with more education. However, I do not believe this is the 
case. In 1993, the percentage of former survey participants known to be dead was 3% for 
those with a bachelors degree; 4% for those with some college education, and 4% for those 
with no college education. In 2004, the corresponding percentages were 10% for those with a 
bachelors degree; 10% for those with some college education, and 12% for those with no 
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college46. This suggests that the difference in mortality rates among the educational groups is 
small and is unlikely to fully explain the model results47.   
My final model, Model 6, includes interaction terms for U.S. unemployment rate in 
the year of displacement, displacement at ages 62 and older and the 2 interaction terms for 
education with displacement. Because the analysis of age at displacement and time since 
displacement is largely exploratory, with the literature suggesting inconsistent effects of age 
at displacement on earnings and unemployment, and there being few findings related to 
duration since displacement, I did not include interaction terms from Models 3 and 4 that 
were not statistically significant. Models 3 and 4 include many statistically insignificant 
interaction terms which are of small size and do not show a clear pattern. I felt that including 
these coefficients in the final model would be adding unnecessary noise to the results. In fact, 
because some of the age by duration groupings are small, including the full set of 
insignificant interaction terms could result in a relatively small number of outlying cases 
producing results that are not meaningful48.   
It might be argued that although the variables for duration since displacement were 
not significant, since I included a variable for displaced at age 62 and older in the final 
model, I should include a variable for displaced 0-3 years ago since the health of respondents 
was measured at age 65. I did estimate this model and the results are shown in Model 7 in 
                                                 
46
 These figures are slightly lower than the overall mortality rates presented in Appendix A. This is because 
education was measured in 1975. Therefore respondents who died before 1975 were not included in these 
calculations, hence the death rate is highest for those for whom education is ‘missing’. Because these 
respondents were also not included in my models, this does not change the interpretation of the results.   
47
 Because respondents who die are not interviewed (nor their widow or other proxy) it is not possible to 
disaggregate these mortality rates by displacement status, because we do not know the accurate displacement 
status of those who died.  My mortality estimates are slightly lower than those (reported by WLS) discussed in 
the final section of the paper. This is likely because they report mortality as a percentage of respondents still in 
the sample or something similar whereas I used the entire sample as the denominator.  
48
 It is also the case that including all interaction terms for duration since displacement, age at displacement and 
unemployment rate in year of displacement creates a situation with high multi-collinearity making it difficult to 
detect results even where they might exist. When only two concepts (age, duration or unemployment rate) are 
included there is no problem with multi-collinearity. 
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Table C-1 in Appendix C. Including the interaction term for displaced 0-3 years ago (which 
was not significant) actually increased the effect of displacement at ages 62 and older. I think 
this an artifact of the cohort nature of the data set. When the variable for displaced 0-3 years 
ago is included, respondents displaced at ages 62 and older are only compared to those 
respondents displaced 0-3 years before 1992-3. Because there does not seem to be an impact 
of duration since displacement, I think more accurate estimates are produced when 
respondents displaced at ages 62 and older are compared to all respondents displaced at 
younger ages. Because the results from Model 6 are more conservative than Model 7, I think 
this is the appropriate decision.    
I included the interaction term for displacement and some college education in the 
final model because there is solid theoretical basis for including the coefficient.  Respondents 
with some college education are distinct from both respondents with no college education 
and those with a bachelors degree or more in terms of their occupations, earnings and 
employment opportunities. In addition, the coefficients for some college education and 
displacement was sizeable (two thirds of the size of the coefficient for displaced with a 
bachelors degree) and in the same direction as the coefficient for displaced with a bachelors 
degree. Furthermore, it would not be clear which group to merge respondents with ‘some 
college’ with if the interaction was removed. Although it is not significantly different from 0 
it is also not significantly different from the interaction term for displaced with a bachelors 
degree.  Model 6 confirms the findings of the earlier models, suggesting that the negative 
impact of displacement is restricted to the following three groups: 1) respondents displaced 
when the U.S. unemployment rate is >= 6.0; 2) respondents displaced at ages 62 or older; 3) 
those with a bachelor’s degree who are displaced.  
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Additional Interpretation of Multivariate Results 
Results from the simulated probabilities of having each level of self-rated health are 
shown in Table 11. For modeling simulations assuming the displacement occurred above age 
62, I restricted the sample to responses for the 2004 survey as the 1992-3 survey occurred 
before the respondents turned 62. I created a simulation assuming no displacement restricted 
to 2004 sample respondents as a comparison. I excluded respondents with some college from 
the simulations as the interaction term for displacement with some college education is 
sizeable but not statistically significant, making interpretations difficult for this group.  
Table 11: Simulated Probabilities of Levels of Self-Rated Health using Model # 649  
 1 =  
Very Poor 
Health 
2 =  
Poor 
Health 
3 =  
Fair 
Health 
4 =  
Good  
Health 
5 = 
Excellent 
Health 
No College        
All Respondents (N = 7013)      
Not Displaced 0.5% 2.1% 13.5% 63.3% 20.6% 
Displaced at age < 62, UR  < 6.050 0.5% 1.9% 12.5% 63.0% 22.3% 
Displaced at age < 62, UR >= 6.0 0.7% 2.5% 15.2% 63.6% 18.0% 
      
2004 Respondents (N = 3328)      
Not Displaced 0.8% 2.8% 15.9% 63.3% 17.3% 
Displaced at age >= 62, UR < 6.0  1.2% 3.9% 19.8% 62.2% 12.8% 
Displaced at age >= 62, UR >=6.0 1.8% 5.1% 23.0% 60.2%   9.9% 
      
Bachelors Degree or more      
All Respondents (N = 2986)      
Not Displaced 0.1% 0.6%  6.1% 57.1% 36.1% 
Displaced at age < 62, UR < 6.0 0.1% 0.8%  7.8% 60.2% 31..0% 
Displaced at age < 62, UR >= 6.0 0.2% 1.2% 10.0% 62.8% 25.8% 
      
2004 Respondents (N = 1431)      
Not Displaced 0.1% 0.8% 7.4% 59.5% 32.1% 
Displaced at age >=62, UR < 6.0  0.4% 1.9% 13.6% 64.5% 19.5% 
Displaced at age >=62, UR >= 6.0 0.7% 2.7% 16.6% 64.5% 15.5% 
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 Due to rounding some row totals may be slightly above or below 100%. 
50
 I include this row in the table for completeness. All variables are included in the simulation whether the 
coefficient was statistically significant or not (as it is unlikely to be truly 0). The results show a positive impact 
of displacement for no college education, displaced under age 62 when unemployment rate is < 6.0 because the 
main effect for displacement is statistically insignificant and small but positive.  
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We see from Table 11 that for respondents with no college education, there is a small 
negative impact of being displaced at under age 62, when the unemployment rate is >= 6.0. 
For instance, the simulated probability of being in excellent health declines from 20.6% to 
18.0%.  When respondents with no college education are simulated to be displaced at ages 62 
and older the impacts on self-rated health are larger. The simulated probability of being in 
excellent health drops almost in half for a respondent with no college education who is 
displaced at age 62 or older when the US unemployment rate is >= 6.0. In such a case the 
simulated probability of being in poor health nearly doubles and the probability of being in 
fair health increases by almost 50%.   
Respondents with a bachelors degree who are displaced under age 62, when the US 
unemployment rate is >= 6.0, see their simulated probability of being in excellent health 
decrease by almost a third (36% to 25%) compared to college educated respondents who 
were not displaced. The (pre-displacement) simulated probability of being in excellent health 
is 36% for bachelors degree holders and 21% for those without any college education. 
Therefore, by being displaced in a period of high unemployment, bachelors degree holders 
approximately three quarters of the ‘health returns’ (in terms of the probability of being in 
excellent health) to their college education. Even if they are more conservatively compared to 
similarly displaced respondents without a college education, the health returns (in terms of 
the probability of being in excellent health) to their college education still decrease by 
approximately 50%  (from an education difference of 15  percentage points to one of only 8 
percentage points). The impact of being displaced at ages 62 and older is also dramatic for 
those with a college degree. A respondent with a bachelors degree who is displaced at ages 
62 and older when the US unemployment rate is >=6.0 has only half the simulated 
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probability of being in excellent health compared to a similar respondent who was not 
displaced.  Correspondingly, their simulated probability of being in fair health more than 
doubles.   
Luckily, most individuals will not be displaced at ages 62 and older, as this is close to 
the standard age of retirement. Nevertheless it is important to not disregard the health 
impacts of displacement for this group.  
 
Fixed Effects Models    
The results from the initial fixed effects model, Model 9, are presented in Table 12.  
Table 12: Impact on Self-Rated Health: Initial Fixed Effects Model 
 Model 9 
Displaced -0.073* (0.035) 
Retirement Displacement -0.010 (0.050) 
Temp/Seas Job Loss -0.035 (0.053) 
Fired/Discharged  0.041 (0.063) 
Left job for health reason  -0.334*** (0.037) 
Business Failure -0.061 (0.117) 
Year is 1993 (age is @54)  0.172*** (0.025) 
Widow/Divorced/Separated  0.052+ (0.031) 
Never Been Married -0.137 (0.251) 
(reference: currently married)   
Employed between 1993-204 in the 
following industry/occupation   
Manufacturing/Mining/Construction   0.022 (0.024) 
Professional/Technical  0.042 (0.026) 
Executive/Managerial  0.017 (0.025) 
Military -0.222 (0.384) 
Farming  0.038 (0.048) 
Service  0.048 (0.031) 
Administrative/Clerical  0.036 (0.026) 
Sales  0.038 (0.029) 
Craft/Operator/Laborer  0.033 (0.029) 
N = 9682  * p <= .05     ** p <= .01     *** p <= .001       + p < .1 
 
A few general things are important to note. First, the coefficients for leaving a job due 
to health reasons and the loss of a temporary seasonal job (which is no longer significant) are 
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dramatically attenuated compared to the linear random effects models (linear random effects 
coefficients are -.540 for leaving a job for health reasons and -.076 for temporary 
seasonal/job loss; see table 19 in Appendix C). This suggests that much of the health impact 
of these job losses is due to unobserved characteristics of the respondents. This is not 
surprising, particularly in the case of health related job losses, where this has been essentially 
assumed from this start. 
 Second, occupation is not a significant predictor in the fixed effects models. One 
conclusion is that what appears to be the impact of specific occupational experiences on 
health in the ordered probit models is in fact due to unobserved characteristics of respondents 
who choose certain types of occupations. This is quite possible, but it is important to 
remember that these fixed effects models only capture the impact of occupational 
experiences between ages 54-65 on changes in health between ages 54-65. It is likely that the 
effects of occupational experience need to accumulate over a fairly lengthy career in order to 
have genuine positive or negative health consequences. It is quite possible, therefore, that the 
any impact which occupational experience is going to have on health has already occurred 
prior to age 54, particularly since many respondents retire in their early 60s. Thus, the 
presence or absence of a significant impact of an occupational category in this fixed effects 
model should interpreted in this light. If we truly wished to examine the impact of 
occupational characteristics on health using a fixed effects model, we would need health 
measured over a longer period of the work life span.  
Similar logic can be applied to some of the other coefficients that show different 
impacts  from the ordered probit models. For instance, the coefficient for never having been 
married is not significant although it remains large. As noted, the fixed effects model drops 
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all time invariant characteristics and only captures changes that occur between 1992-3 and 
2004.  It is probable that few individuals who remained unmarried until age 54 were married 
between ages 54 and 65. Therefore, ‘never been married’ is likely almost a time invariant 
characteristic between 1992-3 and 2004 and the model simply lacks the power to detect a 
significant effect51.   
In terms of the coefficient of interest, we note that the main effect of displacement is 
significant in Model 9, which does not include any interaction terms. This indicates that  
displacements occurring between ages 54 and 65 have a genuine negative impact on health 
that is not simply due to unobserved characteristics of those who were displaced. As 
described, I also estimated a series of models to explore the moderating impacts of 
unemployment rate, education and age at displacement/time since displacement. The key 
coefficients for these models are shown in Table 13 below. The full set of coefficients and 
standard errors are shown in Table 20 in Appendix C. As with the ordered probit models, the 
coefficients for the covariates change only minimally across models.  
 
Table 13: Impact on Self-Rated Health: Fixed Effects Models 
 Model 9 Model 10 Model 11 Model 12 Model 13 Model 14 
Displaced -0.073*      
Displ. &  
US unemp >= 6.0  -0.083 -0.005 -0.017 -0.009 -0.009 
Displ &  
US unemp < 6.0  -0.071+     
Displ. under age 62   -0.042   -0.010 
Displ. at age 62+   -0.156*  -0.122+ -0.132* 
Displ. & BA    -0.147* -0.125+ -0.115 
Displ. & some coll.    -0.078 -0.048 -0.038 
Displ. & no coll.    -0.044 -0.010  
N = 9682   * p <= .05     ** p <= .01     *** p <= .001       + p < .1 
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 Interestingly, the impact of being widowed or divorced is now positive, although not quite statistically 
significant. This is odd as there is no reason to expect that the effect would be positive.  
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Model 10 shows the impact of being displaced both when the unemployment rate is 
>=6.0 (beta = -.083) and when the unemployment rate is < 6.0 (beta = -0.071). Neither 
coefficient is significant. This in itself is a statistical power issue, given that the main effect 
in model 9 (combining the 2 groups) is statistically significant. However, it is important to 
note is that the magnitude of the two coefficients is very similar. One interpretation is that the 
interaction effect due to unemployment rate found in the ordered probit models was spurious 
and related to unobserved characteristics of the respondents. This is somewhat counter-
intuitive as the strongest negative effects were when unemployment rates are high. In such 
times we would expect more respondents to be displaced, and personal characteristics to be 
less relevant in determining who is displaced. I think what may be the distinguishing factor 
here is the sample time frame. The time period between 1992-3 and 2004 was one of 
relatively low unemployment rates. While the unemployment rate went above 6.0 a few 
times in this period, it did not stay that high for long. High unemployment rates are more 
likely to be relevant when the unemployment rate is high for an extended period of time, 
limiting job opportunities for several years. Therefore this fixed effects model may not be the 
most appropriate for estimating the moderating impact of the unemployment rate. However, 
in order to be consistent with the ordered probit models, I retained this variable as an 
interaction term in the rest of the models.     
Model 11 includes coefficients for displaced at under age 62 and displaced at ages 62 
and older. Only the coefficient for displaced at ages 62 and older is significant, confirming 
the results of the ordered probit models that being displaced is more harmful for health 
outcomes when it occurs at ages 62 and older. Model 12 estimates the impact of being 
displaced for three educational levels: no college education, some college education and 
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having a bachelor’s degree or higher. We see here that only the coefficient for being 
displaced with a bachelors degree is significant, again confirming the results of the ordered 
probit models that the health impacts of displacement are worse for respondents with a 
bachelors degree.  
Model 13 and Model 14 examine both the moderating impacts of education and age at 
displacement. It is not possible to use the method of estimating the impact of displacement 
separately by category for more than one categorizing factor (e.g. age, education) at a time. 
This would result in perfect collinearity with some variables being dropped from the model. 
Therefore I estimated two different models. Model 12 splits the main effect of displacement 
between three education groups and includes displacement at age 62 and older as an 
interaction term. Model 14 splits the main effect of displacement between two age categories 
(displaced at age 62 and older and displaced under age 62) and includes interaction terms for 
displaced with some college and displaced with a bachelor’s degree. It should be noted that 
these two models are mathematically identical in terms of estimating the impact of 
displacement for any actual individual. However, because they use different reference 
categories, which influences statistical significance in small samples, the different models 
make it easier to tease out the significance of the various effects. We see from Model 12 that 
both the impact of being displaced with a bachelor’s degree and the additional effect of being 
displaced at ages 62 and older are significant at the p < .1 level. Model 14 shows that the 
impact of being displaced at ages 62 and older is statistically significant at p <= .05. Given 
the very small numbers of displacements the fixed effects model has to deal with, I think that 
significance levels of p < .1 confirm the general trends of the ordered probit models.  
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Intervening Variables: Health Insurance  
 As suggested by prior research, access to health insurance is associated with better 
health in the WLS sample. The average self health rating for respondents with access to 
health insurance in their current and/or last job is 4.11 as compared to 4.06 for respondents 
who did not have health insurance available through their current and/or most recent 
employer. In multivariate models (not shown) using this sample, controlling for gender, age, 
earnings, employment status, marital status  and education level, health insurance availability 
in the respondent’s current or most recent job is a statistically significant  (p < .05) predictor 
of self-rated health.  
 As shown in Table 14 below, displacement also impacts the likelihood that the 
respondent will have access to employer sponsored health insurance.   
  
Table 14: Access to Health Insurance through Current or Most Recent Job52 
 Displaced Not Displaced 
No College  62% 66% 
Some College 56% 69% 
Bachelors Degree or more 63% 72% 
 
Interestingly, the patterns are stronger for respondents with at least some college 
education. It should be noted however that these are only descriptive statistics and do not 
control for any covariates. Other researchers modeling the impact of displacement on health 
insurance status have found that displacement is associated with loss of health insurance for 
respondents without college education. See for example Brand (2006), although she did not 
distinguish between respondents with some and no college education 53.  
                                                 
52
 Respondents who were displaced from their most recent job were excluded from this analysis as the health 
insurance would be from the pre-displacement job. 
53
 Brand (2006) also only used data from the 1992-3 survey. It is also quite possible that displacement could be 
associated with loss of health insurance among respondents with no college education, because respondents 
 76
For respondents with a bachelors degree, displacement is associated with a drop in the 
probability of having access to employer sponsored health insurance by approximately 10 
percentage points. Because the negative impact of displacement on health was primarily 
restricted to respondents with a bachelors degree, it is reasonable to expect that at least some 
of this impact is related to the decline in access to employer sponsored health coverage 
associated with displacement. Table 15 below, shows the final ordered probit and  fixed 
effects models (models 6 and 13/14), as well as a model of each type  (models 15 and 16/17) 
with an additional variable measuring whether the respondent had the opportunity to receive 
employer sponsored health coverage in their current or most recent job. Coefficients and 
standard errors for the full set of variables used to estimate the models in Table 15 are in 
Table 21 in Appendix C.  
 
Table 15:Impact on Self-Rated Health: The Contribution of Health Insurance 
 
Model 6 
(OP) 
Model 15 
(OP) 
Model 13 
(FE) 
Model 14 
(FE) 
Model 16 
(FE) 
Model 17 
(FE) 
Displaced    0.060  0.061     
Displ &  
US unemp rate >= 6.0 -0.159** -0.159** -0.009 -0.009 -0.009 -0.009 
Displaced under age 62    -0.010  -0.010 
Displaced at age 62+ -0.260** -0.263** -0.122+ -0.132* -0.122+ -0.132* 
Displaced and BA  -0.203* -0.200* -0.125+ -0.115 -0.125+ -0.115 
Displ. & some coll. -0.144 -0.140 -0.048 -0.038 -0.048 -0.038 
Displ. & no coll.   -0.010  -0.010  
Health Insurance 
offered by current/most 
recent employer   0.036   -0.0003 -0.0003 
 
 
                                                                                                                                                       
who were displaced were more likely to have health insurance prior to displacement, but were not less likely to 
have health insurance after displacement. As such, displacement serves as an equalizing factor among the 
working class.  
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N =11566 (Ordered Probit) N = 9582 (Fixed Effects)       * p <=.05   ** p < = .01   ***p <= 
.001   + p < .1 
We see from Table 15 that for the ordered probit and fixed effects models, health 
insurance availability through the respondents current or most recent job is not statistically 
significant. This is likely due to the complexity of the models which include many more 
variables than models used to typically assess the impact of health insurance. I also estimated 
simpler models (not shown) of the impact of having access to health insurance with the 
current or most recent employer on self-rated health controlling for employment status, 
earnings gender, marital status and age. In these models the impact of this health insurance 
variable was positive and statistically significant (p < .05), as would be expected.  
Interestingly, if we compare model 15 with model 6 (ordered probit) and models 16 
and 17 with models 13 and 14 respectively (linear fixed effects) we find a barely perceptible 
change in the significant coefficients related to displacement in the respective models. This 
suggests that access to employer sponsored health insurance makes only a very small 
contribution to the negative impact of displacement on health. For the respondents over age 
62 this is not that surprising as they will be eligible for medicare so soon after displacement. 
However, we might expect the role of health insurance to be stronger for respondents 
displaced at younger ages54.  
The models shown in Table 15 measure post-displacement health insurance status in 
absolute terms, that is, they do not take into account pre-displacement health insurance status. 
Respondents who did not have access to employer sponsored health insurance either before 
or after displacement are considered the same as respondents who lost health insurance 
                                                 
54
 For a small number of respondents who were displaced very soon before the survey and have not yet found 
another job, the health insurance availability captured will be for their pre-displacement employer. I also 
estimated the models in table 15 excluding these respondents. In these models, there was also barely visible 
change in the displacement related coefficients when health insurance access was added to the models included.  
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following a displacement. It is possible that if ‘loss of health insurance’ was included as a 
variable that this would make a larger contribution to the impact of displacement on health. 
Measuring change in health insurance status is somewhat tricky as it is not clear when to 
measure ‘pre-displacement’ health insurance. Presumably we would want to measure health 
insurance status at the employer from which the respondent was displaced. However, because 
the prevalence of employer sponsored health insurance has declined over time in general 
(Kalleberg, in press), we also would want to measure health insurance status for all 
respondents in the same calendar year. Determining what job to measure health insurance 
status for respondents who were not displaced in order to ensure comparability would thus 
also be difficult. Because of the measurement complexities, I decided not to include a 
measure of change in health insurance status in the models at this point. This will be an issue 
to further consider in future papers.  
 
Intervening Variables: Earnings 
 As has been discussed, displacement is frequently followed by a permanent drop in 
earnings (Farber 2003). This also appears to be true for the WLS sample, at least relative to 
respondents who were not displaced. Table 15 below shows the median earnings for 
respondents by education and displacement status for 1975 and 1992-3 and 2004. For this 
table and all multivariate analysis, earnings in 1975 and 1992-3 have been converted to 2004 
dollars using the consumer price index. As 1975 is the first year for which employment is 
assessed, the earnings in 1975 not respondents will have been displaced at this point. 
Therefore, the 1975 earnings can serve as a baseline measure of earnings as comparison.   
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Table 16: Median Respondent Earnings by Education and Displacement 
 Median Earnings in 
1975 
Median Earnings  
in 1992-3  
Median Earnings  
in 200455 
No College Education    
Displaced $21,067 $26,145 $20,000 
Not Displaced $22,822 $32,682 $22,800 
    
Some College Education    
Displaced $35,112 $32,682 $23,740 
Not Displaced $32,303 $41,833 $27,410 
    
Bachelors Degree or more     
Displaced $50,912 $55,729 $35,892 
Not Displaced $47,401 $59,873 $44,430 
 
 We see from Table 16 that in 1975, the difference between the median earnings of 
workers who would later be displaced and those who would not is generally small, with 
slightly higher baseline earnings associated with subsequent displacement among workers 
with at least a college education and slightly lower baseline earnings associated with 
displacement for workers with no college education. However, within all three education 
levels, respondents in 1992-3 and 2004 who had been displaced by that year respectively, 
report lower median earnings than those who had not been displaced up to that point. The 
differences are more marked in 1992-3 and for respondents with higher education.  
In order to assess the contribution of earnings loss to the impact of displacement on 
health, I estimated a series of ordered probit and fixed effects models. Table 17 shows these 
results. Coefficients and standard errors for the full set of variables used to estimate the models 
in Table 17 are in Table 22 in Appendix C. As has been noted, in these models, all earnings 
(1975, 1992-3 and 2004) were adjusted to 2004 dollars using the Consumer Price Index. Model 
6, which has already been discussed, uses a measure of earnings in 1975, to control for the 
possibility that earnings may be correlated with the probability of future displacement as well 
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 Lower earnings in 2004 likely reflect retirement status. Earnings include retirement income such as pensions.   
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as future health. Because, as has been noted, no respondents had been displaced in 1975, this 
baseline measure of earnings can be considered a measure of pre-displacement earnings for 
respondents who subsequently experienced a displacement.  
 
Table 17:Impact on Self-Rated Health: The Contribution of Earnings 
 
Model  
6 (OP) 
Model  
18 (OP) 
Model  
13 (FE) 
Model  
14 (FE) 
Model  
19 (FE) 
Model 20 
(FE) 
Displaced    0.060 0.066     
Displ &  
US unemp >= 6.0 -0.159** -0.155** -0.009 -0.009 -0.009 -0.009 
Displaced < age 62    -0.010  -0.010 
Displaced at age 62+ -0.260** -0.266** -0.122+ -0.132+ -0.122+ -0.132+ 
Displaced and BA  -0.203* -0.183* -0.125+ -0.115 -0.126+ -0.116 
Displ.& some coll. -0.144 -0.129 -0.048 -0.038 -0.048 -0.038 
Displ.& no coll.   -0.010  -0.010  
Earnings in 1975  
($1,000) (2004 
dollars) 0.002*** 0.003***     
Change in earnings   
1975 to1992-3/2004  
($1,000) (2004 doll.)   0.002***     
Earnings in  
1992-3/2004  
($1,000)  
(2004 dollars)     -0.00005 -0.00005 
N =11566 (Ordered Probit) N = 9582 (Fixed Effects)  * p <=.05  ** p < = .01 ***p <= .001   + p < 
.1 
 
Model 18 adds a variable measuring of the difference between 1975 earnings and 
1992-3/2004 earnings to the final ordered probit model: Model 6. This variable is highly 
significant indicating that a positive change in earnings leads to better health. Using this 
intervening variable allows us to assess the extent to which the impact of displacement is a 
function of the impact on the change in earnings between 1975 and 1992-3 or 2004. 
Comparing the coefficient for displaced with a college degree between Models 6 and 16 we 
see that the coefficient drops from -.203 to -.183.  This suggests that 9% of the impact of 
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displacement for bachelors degree holders is due to the contribution of earnings change. In 
other words: We know from Table 16 that the wages of those with a bachelors degree who 
are displaced decline relative to those with a bachelors degree who were not displaced. This 
difference accounts for approximately 9% of the impact of displacement on health for those 
with a bachelors degree.  The contribution of earnings change is smaller for the coefficients 
for displaced with US unemployment rate >= 6.0 (3%) and displaced at ages 62 and older 
(2%)56.  
In the fixed effects models, adding earnings has no essentially observable impact on 
any of the coefficients related to displacement. In fact, for the fixed effects models, earnings 
itself does not have a significant impact on health. One conclusion is that what has appeared 
to be the impact of earnings on health net of educational attainment in random effects models 
is in fact related to unobserved characteristics of the respondent. It is also important to 
remember that this fixed effects model only detects the impact of changes in earnings 
between 1992-3 and 2004. Therefore a more cautious conclusion is that changes in earnings 
between 1992-3 and 2004 (ages 53-65) do not account for a significant portion of changes in 
health between 1992-3 and 2004 (ages 53-65). If a wider range of ages was included, we 
might see a relationship between earnings and health in the fixed effects models. The 
discussion of whether the relationship between earnings and health is real or spurious is an 
ongoing one in the social sciences and is outside the scope of this paper. However, I can 
safely conclude that the fixed effects models provide support for the notion that the level of 
earnings is not a relevant factor in the negative impact of displacement at older ages (@53+) 
                                                 
56
 Because post-displacement earnings includes measures of earnings at two points in the life span (1992-3 and 
2004), I also experimented with an interaction term for earnings change by survey year. This variable was not 
significant and including it had no perceptible change on the other coefficients.  
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on health outcomes57. We can not make conclusions about the contribution of earnings to 
displacements that occur below age 53 from the fixed effects models. 
                                                 
57NOTE: If you prefer, another way to state this is that changes in earnings between ages 53-65 are not a 
relevant factor in the impact of displacements between ages 53-65 on changes in health between ages 53-65. For 
the fixed effects models, all displacements between ages 53-65 represent a change in displacement status.  
 
CHAPTER IV:DISCUSSION AND CONCLUSION 
 
Combining the results from the ordered probit and fixed effects models suggests the 
following key findings in response to the research questions on page 15: 
 
1) Do displaced workers have worse self-rated physical health outcomes than individuals 
who have not experienced displacement? 
 
• Yes, but not all groups of individuals displaced under all economic conditions. For 
respondents with no college education who are displaced under age 62 in a calendar 
year in which the US unemployment rate is < 6.0, there is not a significant impact on 
self-rated physical health. 
 
2) Is this impact moderated by the age at which the employee was displaced?  
 
• The negative impact of displacement on self-rated physical health is stronger when 
the displacement occurs at ages 62 and older.  
 
3) Is this impact moderated by the duration of time since displacement? In other words, for 
specific individuals, does the impact of displacement on their health change with the passage 
of time?  
 
• The impact of displacement does not appear to attenuate as the duration of time since 
the displacement increases.  
 
4) Is this impact moderated by the displaced worker’s level of educational attainment?  
 
• The negative impact of displacement on self-rated physical health is stronger for 
respondents with a bachelors degree or more. 
 
• It is possible that displacement may have a stronger negative impact on self-rated 
physical health for respondents with some college education compared to respondents 
with no college education, but if this is the case, these models did not have the 
statistical power to detect it. 
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5) Is this impact moderated by economic conditions in the year of the displacement? 
 
• The negative impact of displacement on self-rated physical health is stronger when 
the displacement occurs in a calendar year in which the US unemployment rate is 
>=6.0.6) Does access to employer sponsored health insurance or the level or change 
in earnings  mediate the relationship between displacement and self-rated physical 
health? 
 
• While displacement is associated with earnings loss and lower likelihood of having 
health insurance, and these factors in turn influence health outcomes, the impact of 
displacement on health is almost entirely due to factors other than health insurance 
and earnings.  
 
 
These findings have several implications. First, the fact that displacement has worse 
consequences when it occurs at a point in time when unemployment is relatively high 
confirms my initial research hypothesis. Individuals displaced in a recessionary period when 
few job openings are available will likely spend a longer time out of work. They may also be 
more likely to be forced to eventually accept a position involving difficult conditions such as 
non-standard or especially long work hours (particularly if they wish to recoup their former 
earnings as much as possible). Or they may accept a position that simply does not provide the 
rewards they desire, either in terms of material benefits (such as earnings) or in more 
intangible factors such as the characteristics of the position and the work environment. Being 
out of work for a long period of time may result in individuals being forced to spend their 
savings, leading to a decline in wealth. The fact that relative earnings decline following 
displacement only accounts for a small portion of the impact of displacement on health 
suggests that if wealth is relevant, it may be because of the psychological aspects of losing 
one’s savings rather than the material impact on one’s day to day life. In addition, the 
sobering experience of searching for work during a recession may result in a permanent state 
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of anxiety about the possibility of losing one’s job; the feeling that if it happened once, it can 
happen again.  
However, in another sense finding that economic conditions are such a strong 
moderator of the impact of displacement on health are somewhat surprising. It is important to 
remember that the WLS measures health up to 30 years after the respondents have 
experienced displacement. During the period of time during which the data was collected, the 
unemployment rate rose and fell several times. Economic theory would suggests that if 
respondents are displaced during a period of high unemployment, once the unemployment 
rate drops, they should be able to more easily find work. If they have been forced to accept a 
less desirable position in the interim, when economic conditions improve, they should be 
able to find a more suitable position. The fact that economic conditions in the year of job loss 
continues to moderate the impact of displacement on health even when health is measured 
after economic conditions improve suggests otherwise. It may be that jobs are more ‘sticky’ 
than economic theory would suppose. Respondents forced to accept a position they did not 
really want may become ‘stuck’ in this job, unable for a variety of potential reasons to search 
for and find amore suitable job. More research needs to be done to investigate the factors that 
enable formerly displaced workers to move from one position to another subsequent to 
displacement. It is also possible that the health effects of displacement are themselves sticky. 
That is, respondents may never fully recover from the adverse health impacts of being 
displaced during a recession. Future research might disentangle whether the permanent 
adverse health consequences of displacement are reinforced by a lengthy period of difficult 
working conditions or occur in spite of improved job characteristics over time. 
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Secondly, although researchers such as Farber (2003), Helwig (2004), Hammermesh 
(1989) found that respondents without a college degree had worse outcomes following 
displacement in terms of earnings replacement and length of unemployment, this does not 
appear to be translated into adverse health consequences. Rather, the negative impact of 
displacement on health is stronger for those with a college degree. In time periods when the 
unemployment rate is relatively low, the impact of displacement on health appears to be a 
declining middle class rather than a declining working class story. In addition, factors such as 
health insurance status and earnings loss account for very little of the health impacts of 
displacement. Clearly further research needs to be done into the mechanisms by which 
displacement impacts the health of college educated respondents.  
Using data from the WLS through 1992-3, Brand (2006) found that among college 
education respondents, displacement was associated with a loss of job autonomy, job 
authority and occupational status. Katherine Newman (1988) has written extensively on the 
psychological factors such as shame and loss of work related identity among displaced 
middle class workers. Further research might examine the role of job characteristics and 
psychological factors as intervening mechanisms between displacement and health, 
particularly as this impacts displaced workers with a bachelor’s degree. This would dovetail 
nicely with the growing interest in the public health literature in the relationship between 
psychological stress and physical health, in particular the mediating role that psychological 
stress plays in physical health disparities by socio-economic status. Stress is believed to 
negatively impact physical health through what is referred to as the ‘allostatic load’: the 
body’s inability to fully physically recover from stressful events (Adler and Rehkopf 2008, 
Seeman et al 2008).  
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One additional way in which displacement might lead to increased stress is if 
displaced workers are working longer hours in order to preserve their income as much as 
possible. In addition, as with respondents displaced in periods of high unemployment, 
college educated workers may retain the anxiety that displacement could happen again at any 
time. More highly educated workers may also be likely to refuse less desirable positions to 
wait for a job they feel which is commensurate with their skills. While this may serve them 
well in the long term, it also might result in longer periods of unemployment following 
displacement and the associated  greater anxiety and loss of wealth, similar to the 
experiences of all workers displaced during a recession.  
The fact that displacement does not appear to have a negative impact on the health of 
young respondents, without any college education, who are displaced when the 
unemployment rate is relatively low, also needs to be explored further. While it is heartening 
to think that the impact of displacement does not translate into permanent negative health 
consequences for such respondents, this phenomena may mask other issues. Such 
respondents are often employed in jobs that are associated with adverse health consequences, 
either due to hard labor,  poor environmental conditions or simply generally unstable 
employment environments (even in the absence of displacement) which leads to stress. There 
is a rich literature on the relationship between job characteristics and health (see for example 
Brand  et al 2007). More research needs to be done on the interplay between displacement, 
job characteristics and health, particularly among individuals with no college education.  
 Another important finding is that there is a negative impact of displacement for 
respondents over age 62. One might expect that respondents still working at age 62 either 
needed the earnings and benefits more than other individuals or gained particularly high 
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intrinsic rewards from their job. Therefore being displaced might be especially difficult for 
this age group. In addition, finding new work at age 62 might be especially daunting. The 
WLS data suggests that respondents displaced at aged 62 and older were slightly less likely 
to be employed in 2004 than both other displaced workers and respondents who had not been 
displaced in 2004 (37% employment rate for those displaced at aged 62+ compared to 42% 
for those displaced at younger ages and 43% for those never displaced). However this is 
likely a result of the fact that displacements at age 62+ are the most recent. In 1992-3, only 
68% of respondents displaced 0-3 years before the survey were employed, as compared to 
86% if respondents displaced earlier. A different twist might be that being displaced at ages 
62 and older may force respondents who are able to find new jobs to delay their retirement.  
In any case, it is likely that having a major source of income disappear so close to standard 
retirement age would result in increased anxiety and stress with consequent negative 
repercussions on health. More research needs to investigate why displacement is more 
deleterious for health for respondents over age 62 as compared to respondents in their 50’s, 
especially because earnings and health insurance status do not appear to be the key factors. 
 Finally, the fact that the negative impact of displacement on health appears to be 
permanent or at least long term suggests that health effects extend beyond the initial period 
of unemployment. Long term factors such as the characteristics of post-displacement 
employment may be important. This is additional evidence in support of the notion that 
instead of just focusing on creating jobs for the displaced, we must focus on creating ‘good 
jobs’ that will provide job related identity and stability  similar to that which respondents 
gained from pre-displacement jobs. In addition, ‘good jobs’ should allow respondents to 
recoup their former earnings (as much as possible) and provide health insurance, even if 
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these factors are not as crucial in terms of the relationship between displacement and health 
outcomes as originally thought. 
 To summarize, a theme that runs through explanations of the impact of negative 
displacement for specific groups, is the role of psychological variables as intervening factors. 
I began this paper with the assumption that material factors (e.g. earnings, health insurance) 
were the key variables that would explain the negative impact of displacement on health. 
While earnings and health insurance both follow displacement and are clearly important in 
terms of health, most of the impact of displacement on health is due to other factors. While 
retaining interest in the role of material assets, future research might focus more heavily on 
the role of psychological experiences, including job satisfaction, as mediators between 
displacement and health.  
Finally, it is important to note that the WLS sample is quite homogeneous: Nearly all 
of the respondents are white, all have at least a high school diploma and were born in the late 
1930s. It will important to examine if the findings of this paper hold true for people who are 
not white, may not have a high school diploma and were born in other time periods. It may 
well be that displacement does have negative impacts on the health of respondents with no 
college education in the context of a more diverse sample. In addition, a sample that is not 
restricted to a single cohort would allow for a more thorough disentanglement of the effects 
of age at displacement and time since displacement.  
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APPENDIX A: MISSING DATA: DEATH OF RESPONDENTS 
 
 A final methodological concern how to handle the issue of respondents lost to 
attrition due to death. In the WLS by the end of interviewing for the 1992-3 survey (early 
1994) 565 respondents had died (5% of the original sample) and by the end of 2004, 1287 
respondents had died (12% of the original sample. The issue here is that self-rated health, 
which is obviously related to mortality. It is likely that there are unobserved characteristics 
not accounted for by my models that influence both the probability of death and the 
probability of being in poor health. Therefore, in essence the assumption that respondents 
themselves are ‘missing at random’ has been violated. This can result in biased and 
inconsistent coefficient estimates. Typically, one would use a Heckman selection model to 
deal with this issue. The Heckman model would estimate the probability of being alive and 
then, conditional upon this, estimate the probability of being in poor health. 
 Using a Heckman selection technique to estimate my models using the WLS would 
be difficult however. The validity of this approach depends on the existence of an appropriate 
‘exclusion condition’, that is, a variable which is believed to impact the selection equation 
(probability of being alive) but not the second equation (probability of being in poor health) 
(Moffitt 2005). Practically speaking, it is difficult to conceive of such a variable. 
Furthermore, as the equation to estimate the probability of being alive must use data from an 
earlier time period when those who are lost to mortality are still in the data set, the WLS 
models would be based on data that is up to 17 years old.  This would not result in a very 
useful model in my opinion.  
 91
 Therefore I have decided not to use a Heckman selection model to account for 
mortality over time. However I do not believe this will result in serious internal validity 
threats to my findings for the following reasons. First, the issue of selection is typically used 
in cases where the outcome (health) and that upon which it is conditional upon (likelihood of 
being dead/alive) are relatively independent concepts (e.g. employment and earnings) which 
the researcher wishes to distinguish between. That is not the case here as health and mortality 
are quite interdependent; in fact poor health is a possibly the single best predictor of 
mortality (Idler and Benyamini 1997). Secondly, the direction of the relationship between the 
two outcomes is the opposite of that traditionally leading to the use of Heckman models. That 
is, it is poor health (the second equation) that causes death (the selection equation) rather than 
the other way around.  
Related to these two reasons, the expected bias in the estimates is in the opposite 
direction than in situations that typically lead to the use of a Heckman model. Individuals 
who experience mortality and are excluded from the study are likely to have been in worse 
health than those who did not die. Therefore, if worker displacement also has an impact on 
mortality, by ‘excluding’ the dead respondents (who would have likely been in worse health), 
the estimates of the coefficients for the impact of worker displacement on health are likely to 
be lower than if those individuals could have been included (Burgard, Brand and House 
2007)58. Therefore, I can be fairly confident observed relationships between displacement 
and health exist; they may in fact be stronger than appears in the data. NOTE: If worker 
                                                 
58
 Since men are more likely to experience mortality while women are more likely to report ill health but remain 
alive, if the men who are displaced die while the women remain alive (Case and Paxton 2005), this could result 
in an upward bias on the coefficients for the impact of worker displacement on health. But I  believe this will be 
more than counter balanced by the fact that the men who are displaced and then die were likely in worse health 
then the men who were displaced and then remain alive.  
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displacement does not have an impact on mortality then the selection issue is moot for 
displacement, although some of the other coefficient estimates may be biased.  
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APPENDIX B: LIST OF RESPONSE CODES USED FOR JOB LOSS 
 
Main Question is ‘Why did you leave this job?” 
 
Worker Displacement 
1) Business closing, downsizing or relocating 
2) Business downsizing, mass layoff (2004 only) 
3) Business relocating (2004 only) 
4) Business changed; owners bought out/relocated/sold   
5) Company reorganization meant moving (2004 only)   
 
Retirement Displacement 
The following response codes for the question ‘Why did you choose to retire?’ in 200459 
1) Downsized 
2) Company closed/bankrupt (if not self-employed) 
3) Laid off (temporarily or otherwise)  
4) Wanted to avoid a move 
 
Fire/Discharge 
1) Other involuntary termination (not needed)60 
2) Forced to leave/change jobs (in response to ‘Why did you choose to retire?’ in 2004) 
3) Imprisoned/sent to jail61 
 
Health Reasons62 
1) Respondent’s health reasons 
2) Left while on disability (in response to “Why did you choose to retire?’ in 2004) 
 
Business Failure63 
1) Lost business or farm 
2) Financial reason/filed bankruptcy/economic reason (if self-employed) 
3) Avoid business going further into debt (in response to ‘Why did you choose to retire?’ 
2004) 
4) Bad economy/job market (in response to ‘Why did you choose to retire?’ in 2004, if self-
employed) 
5) Company closed/bankrupt (in response to ‘Why did you choose to retire?’ in 2004, if self-
employed) 
                                                 
59
 I will not include the response code ‘company changed owners’ since this reflects a voluntary retirement. 
60
 This response category is a little unclear. It may be a catchall for no otherwise coded job losses and may 
include some layoffs is the respondent did not consider them to be ‘downsizing’. Burgard Brand and House 
(2007) seemed to think so. I plan to ask the WLS for further clarification on the meaning and content of the 
response category.  
61
 This category has too small a number of respondents to warrant a separate code; discharge is sort of implicit 
here.   
62
 I will not use the response code ‘wanted to avoid a move’ in response to the 2004 question about why the 
respondent retired as this appears to reflect a voluntary decision to leave the job. 
63
 I will not include the code in response to the question ‘Why did you retire?’ (in 2004): ‘close/sell/pass on own 
business’ as it is not certain this reflects business failure. 
 94
Temporary/Seasonal Loss 
1) Temporary/seasonal layoff 
2) Temporary job ended/contract completed 
 
Summary of Main Changes in Response Codes between 1992-3 and 2004: 
1) In 2004, respondents who retired were asked a series of questions as to why they retired. 
Several response codes to this question were not provided for the original question about why 
the respondent left the job. These response options are described in the appropriate section 
above.  
 
2) In 2004, in addition to the response code ‘business closing, downsizing or relocating’, 
response codes for just one or two of these items were included. 
 
3) The response code ‘company re-organization meant moving’ was added in 2004.
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Appendix C: Additional Tables 
Table 18: Impact on Self-Rated Health: Ordered Probit Models (standard errors in parentheses) 
 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 
Displaced   -0.019 (0.041) -0.052 (0.074) -0.035 (0.055) 0.039 (0.047)  0.060 (0.048)  0.054 (0.048) 
Displ & US unemp  >= 6.0 -0.146** (0.053) -0.127* (0.058) -0.137* (0.055) -0.150** (0.053) -0.159** (0.053) -0.171** (0.054) 
Displaced  4-6 years ago    0.129 (0.097)        0.099 (0.083) 
Displaced  7-9 years ago    0.046 (0.093)         
Displ. 10-12 years ago   -0.031 (0.092)         
Displ. 13-15 years ago    0.009 (0.086)         
Displaced  15+ years ago    0.014 (0.087)         
Displaced at age 50-55      0.052 (0.070)       
Displaced at age 56-61      0.085 (0.088)       
Displaced at age 62+     -0.209* (0.104)   -0.260** (0.097) -0.345** (0.119) 
Displaced and BA        -0.192* (0.084) -0.203* (0.084) -0.206* (0.084) 
Displ. and Some College       -0.143 (0.097) -0.144 (0.097) -0.152 (0.097) 
Retirement Displacement -0.100 (0.072) -0.111 (0.073) -0.081 (0.073) -0.100 (0.072) -0.063 (0.073) -0.063 (0.073) 
Temp/Seas Job Loss -0.157* (0.061) -0.155* (0.061) -0.158* (0.061) -0.155* (0.061) -0.158* (0.061) -0.157* (0.061) 
Fired/Discharged -0.056 (0.055) -0.056 (0.055) -0.057 (0.055) -0.056 (0.055) -0.057 (0.055) -0.057 (0.055) 
Left job for health reason  -0.891*** (0.051) -0.891*** (0.051) -0.894*** (0.051) -0.891*** (0.051) -0.894*** (0.051) -0.894*** (0.051) 
Business Failure -0.029 (0.165) -0.028 (0.164) -0.021 (0.164) -0.022 (0.164) -0.011 (0.163) -0.011 (0.163) 
Year is 1993 (age is @54)  0.187*** (0.019)  0.184*** (0.019)  0.185*** (0.019)  0.187*** (0.019)  0.184*** (0.019)  0.182*** (0.019) 
Bachelors Degree or more  0.295*** (0.039)  0.296*** (0.039)  0.293*** (0.039)  0.322*** (0.041)  0.322*** (0.041)  0.322*** (0.041) 
Some College   0.122** (0.040)  0.123** (0.040)  0.121** (0.040)  0.147*** (0.044)  0.147*** (0.044)  0.147*** (0.044) 
Widow/Divorce/Separated -0.115*** (0.035) -0.115*** (0.035) -0.115*** (0.035) -0.115*** (0.035) -0.114*** (0.035) -0.115*** (0.035) 
Never Been Married -0.331*** (0.064) -0.331*** (0.064) -0.330*** (0.064) -0.329*** (0.064) -0.327*** (0.064) -0.327*** (0.064) 
Earnings 1975 ($1,000)  0.002*** (0.0005)  0.002*** (0.0005)  0.002*** (0.0005)  0.002*** (0.0005)  0.002*** (0.0005)  0.002*** (0.0005) 
Parents SES 1957  0.005*** (0.001)  0.005*** (0.001)  0.005*** (0.001)  0.005*** (0.001)  0.005*** (0.001)  0.005*** (0.001) 
Male -0.152*** (0.036) -0.151*** (0.037) -0.152*** (0.037) -0.147*** (0.037) -0.147*** (0.037) -0.148*** (0.037) 
Manuf/Mining/Constr -0.116*** (0.031) -0.116*** (0.031) -0.117*** (0.031) -0.113*** (0.031) -0.113*** (0.031) -0.114*** (0.031) 
Professional/Technical  0.113*** (0.033)  0.113*** (0.033)  0.114*** (0.033)  0.113*** (0.033)  0.115*** (0.033)  0.115*** (0.033) 
Executive/Managerial  0.091** (0.030)  0.090** (0.030)  0.091** (0.030)  0.092** (0.030)  0.093** (0.030)  0.093** (0.030) 
Military  0.512 (0.337)  0.515 (0.340)  0.510 (0.334)  0.500 (0.336)  0.500 (0.336)  0.502 (0.337) 
Farming -0.006 (0.053) -0.007 (0.053) -0.007 (0.053) -0.004 (0.053) -0.003 (0.053) -0.003 (0.053) 
Service -0.013 (0.036) -0.011 (0.036) -0.011 (0.036) -0.011 (0.036) -0.009 (0.036) -0.010 (0.036) 
Administrative/Clerical  0.104*** (0.031)  0.105*** (0.031)  0.104*** (0.031)  0.105*** (0.031)  0.105*** (0.031)  0.105*** (0.031) 
Sales  0.086** (0.033)  0.087** (0.033)  0.087** (0.033)  0.087** (0.033)  0.088** (0.033)  0.088** (0.033) 
Craft/Operator/Laborer  0.016 (0.035)  0.017 (0.035)  0.018 (0.035)  0.015 (0.035)  0.017 (0.035)  0.017 (0.035) 
N = 11566  * p <=.05   ** p < = .01   ***p <= .001   + p < .1  
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Table 19: Impact on Self-Rated Health: Linear Random Effects Model 
 Model 8 
Displaced    0.033 (0.025) 
Displ & US unemp  >= 6.0 -0.082** (0.026) 
Displ. at age 62+ -0.135* (0.053) 
Displ. & BA -0.106* (0.045) 
Displ. & some college -0.069 (0.052) 
Retirement Displacement -0.026 (0.040) 
Temp/Seas Job Loss -0.076* (0.036) 
Fired/Discharged -0.030 (0.030) 
Left job for health reason  -0.540*** (0.024) 
Business Failure -0.028 (0.079) 
Year is 1993 (age is @54)  0.108*** (0.010) 
Bachelors Degree or more  0.174*** (0.023) 
Some College   0.075** (0.024) 
Widow/Divorce/Separated -0.046** (0.018) 
Never Been Married -0.175*** (0.035) 
Earnings 1975 ($1,000)  0.001*** (0.000) 
Parents SES 1957  0.002*** (0.001) 
Male -0.082*** (0.021) 
Manuf/Mining/Constr -0.062*** (0.017) 
Professional/Technical  0.066*** (0.018) 
Executive/Managerial  0.048** (0.016) 
Military  0.251 (0.208) 
Farming  0.014 (0.032) 
Service  0.003 (0.020) 
Administrative/Clerical  0.065*** (0.017) 
Sales  0.053** (0.018) 
Craft/Operator/Laborer  0.015 (0.020) 
Constant 3.960*** (0.024) 
N = 11566 * p <=.05   ** p < = .01 ***p <= .001 + p < .1 
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Table 20: Impact on Self-Rated Health: Fixed Effects Models 
 Model 9 Model 10 Model 11 Model 11 Model 13 Model 14 
Displaced -0.073* (0.035)           
Displ. & US unemp >= 6.0   -0.083 (0.073) -0.005 (0.081) -0.017 (0.081) -0.009 (0.081) -0.009 (0.081) 
Displ & US unemp < 6.0   -0.071+ (0.039)         
Displ. under age 62     -0.042 (0.043)     -0.010 (0.049) 
Displ. at age 62+     -0.156* (0.065)   -0.122+ (0.069) -0.132* (0.068) 
Displ. & BA       -0.147* (0.072) -0.125+ (0.073) -0.115 (0.079) 
Displ. & some college       -0.078 (0.085) -0.048 (0.087) -0.038 (0.090) 
Displ. & no college       -0.044 (0.045) -0.010 (0.049)   
Retirement Displacement -0.010 (0.050) -0.012 (0.051) -0.006 (0.051) -0.013 (0.051) -0.008 (0.051) -0.008 (0.051) 
Temp/Seas Job Loss -0.035 (0.053) -0.035 (0.053) -0.036 (0.053) -0.035 (0.053) -0.036 (0.053) -0.036 (0.053) 
Fired/Discharged  0.041 (0.063)  0.041 (0.063)  0.041 (0.063)  0.044 (0.063)  0.044 (0.063)  0.044 (0.063) 
Left job for health reason  -0.334*** (0.037) -0.334*** (0.037) -0.334*** (0.037) -0.334*** (0.037) -0.334*** (0.037) -0.334*** (0.037) 
Business Failure -0.061 (0.117) -0.062 (0.117) -0.056 (0.117) -0.061 (0.117) -0.054 (0.117) -0.054 (0.117) 
Year is 1993 (age is @54)  0.172*** (0.025)  0.172*** (0.025)  0.172*** (0.025)  0.173*** (0.025)  0.173*** (0.025)  0.173*** (0.025) 
Widow/Divorce/Separated  0.052+ (0.031)  0.052+ (0.031)  0.052+ (0.031)  0.051 (0.031)  0.051 (0.031)  0.051 (0.031) 
Never Been Married -0.137 (0.251) -0.139 (0.251) -0.134 (0.251) -0.139 (0.251) -0.133 (0.251) -0.133 (0.251) 
Manuf/Mining/Constr  0.022 (0.024)  0.022 (0.024)  0.021 (0.024)  0.022 (0.024)  0.022 (0.024)  0.022 (0.024) 
Professional/Technical  0.042 (0.026)  0.042 (0.026)  0.042 (0.026)  0.044+ (0.026)  0.045+ (0.026)  0.045+ (0.026) 
Executive/Managerial  0.017 (0.025)  0.017 (0.025)  0.016 (0.025)  0.019 (0.025)  0.019 (0.025)  0.019 (0.025) 
Military -0.222 (0.384) -0.219 (0.384) -0.230 (0.384) -0.226 (0.384) -0.240 (0.384) -0.240 (0.384) 
Farming  0.038 (0.048)  0.038 (0.048)  0.037 (0.048)  0.038 (0.048)  0.036 (0.048)  0.036 (0.048) 
Service  0.048 (0.031)  0.048 (0.031)  0.049 (0.031)  0.046 (0.031)  0.047 (0.031)  0.047 (0.031) 
Administrative/Clerical  0.036 (0.026)  0.036 (0.026)  0.035 (0.026)  0.035 (0.026)  0.034 (0.026)  0.034 (0.026) 
Sales  0.038 (0.029)  0.038 (0.029)  0.038 (0.029)  0.039 (0.029)  0.039 (0.029)  0.039 (0.029) 
Craft/Operator/Laborer  0.033 (0.029)  0.033 (0.029)  0.034 (0.029)  0.033 (0.029)  0.034 (0.029)  0.034 (0.029) 
N = 9682        * p <=.05   ** p < = .01   ***p <= .001   + p < .1     
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Table21: Impact on Self-Rated Health: Contribution of Health Insurance  
 Model 6:OP Model 15:OP Model 13:FE Model 14:FE Model 16:FE Model 17:FE 
Displaced    0.060 (0.048)  0.061 (0.048)         
Displ & US unemp rate >= 6.0 -0.159** (0.053) -0.159** (0.053) -0.009 (0.081) -0.009 (0.081) -0.009 (0.081) -0.009 (0.081) 
Displaced under age 62       -0.010 (0.049)   -0.010 (0.049) 
Displaced at age 62+ -0.260** (0.097) -0.263** (0.098) -0.122+ (0.069) -0.132* (0.068) -0.122+ (0.069) -0.132* (0.068) 
Displaced and BA  -0.203* (0.084) -0.200* (0.084) -0.125+ (0.073) -0.115 (0.079) -0.125+ (0.073) -0.115 (0.079) 
Displ. And Some College -0.144 (0.097) -0.140 (0.097) -0.048 (0.087) -0.038 (0.090) -0.048 (0.087) -0.038 (0.090) 
Displ. And No College     -0.010 (0.049)   -0.010 (0.049)   
Health Insurance offered by current/ 
most recent employer    0.036 (0.026)     -0.0003 (0.019) -0.0003 (0.019) 
Retirement Displacement -0.063 (0.073) -0.064 (0.073) -0.008 (0.051) -0.008 (0.051) -0.008 (0.051) -0.008 (0.051) 
Temp/Seas Job Loss -0.158** (0.061) -0.157** (0.061) -0.036 (0.053) -0.036 (0.053) -0.036 (0.053) -0.036 (0.053) 
Fired/Discharged -0.057 (0.055) -0.054 (0.055)  0.044 (0.063)  0.044 (0.063)  0.044 (0.063)  0.044 (0.063) 
Left job for health reason  -0.894*** (0.051) -0.891*** (0.051) -0.334*** (0.037) -0.334*** (0.037) -0.334*** (0.037) -0.334*** (0.037) 
Business Failure -0.011 (0.163) -0.007 (0.163) -0.054 (0.117) -0.054 (0.117) -0.054 (0.117) -0.054 (0.117) 
Year is 1993 (age is @54)  0.184*** (0.019)  0.180*** (0.019)  0.173*** (0.025)  0.173*** (0.025)  0.173*** (0.025)  0.173*** (0.025) 
Bachelors Degree or more  0.322*** (0.041)  0.321*** (0.041)         
Some College   0.147*** (0.044)  0.146*** (0.044)         
Widow/Divorce/Separated -0.114*** (0.035) -0.118*** (0.035)  0.051 (0.031)  0.051 (0.031)  0.051 (0.031)  0.051 (0.031) 
Never Been Married -0.327*** (0.064) -0.332*** (0.064) -0.133 (0.251) -0.133 (0.251) -0.133 (0.251) -0.133 (0.251) 
Earnings 1975 ($1,000)  0.002*** (0.000)  0.002*** (0.000)         
Parents SES 1957  0.005*** (0.001)  0.005*** (0.001)         
Male -0.147*** (0.037) -0.152*** (0.037)         
Manuf/Mining/Constr -0.113*** (0.031) -0.115*** (0.031)  0.022 (0.024)  0.022 (0.024)  0.022 (0.024)  0.022 (0.024) 
Professional/Technical  0.115*** (0.033)  0.113*** (0.033)  0.045+ (0.026)  0.045+ (0.026)  0.045+ (0.026)  0.045+ (0.026) 
Executive/Managerial  0.093** (0.030)  0.094** (0.030)  0.019 (0.025)  0.019 (0.025)  0.019 (0.025)  0.019 (0.025) 
Military  0.500 (0.336)  0.504 (0.338) -0.240 (0.384) -0.240 (0.384) -0.240 (0.384) -0.240 (0.384) 
Farming -0.003 (0.053)  0.008 (0.054)  0.036 (0.048)  0.036 (0.048)  0.036 (0.049)  0.036 (0.049) 
Service -0.009 (0.036) -0.005 (0.036)  0.047 (0.031)  0.047 (0.031)  0.047 (0.031)  0.047 (0.031) 
Administrative/Clerical  0.105*** (0.031)  0.103*** (0.031)  0.034 (0.026)  0.034 (0.026)  0.034 (0.026)  0.034 (0.026) 
Sales  0.088** (0.033)  0.092** (0.033)  0.039 (0.029)  0.039 (0.029)  0.039 (0.029)  0.039 (0.029) 
Craft/Operator/Laborer  0.017 (0.035)  0.017 (0.035)  0.034 (0.029)  0.034 (0.029)  0.034 (0.030)  0.034 (0.030) 
N =11566 (Ordered Probit) N = 9582 (Fixed Effects)       * p <=.05   ** p < = .01   ***p <= .001   + p < .1  OP: Ordered Probit  FE: Linear Fixed Effects 
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Table 22:Impact on Self-Rated Health: Contribution of Earnings  
 Model 6: OP Model 18: OP Model 13: FE Model 14:FE Model 19:FE Model 20:FE 
Displaced    0.060 (0.048) 0.066 (0.048)         
Displ & US unemp rate >= 6.0 -0.159** (0.053) -0.155** (0.053) -0.009 (0.081) -0.009 (0.081) -0.009 (0.081) -0.009 (0.081) 
Displaced under age 62       -0.010 (0.049)   -0.010 (0.049) 
Displaced at age 62+ -0.260** (0.097) -0.266** (0.098) -0.122+ (0.069) -0.132+ (0.068) -0.122+ (0.069) -0.132+ (0.068) 
Displaced and BA  -0.203* (0.084) -0.183* (0.084) -0.125+ (0.073) -0.115 (0.079) -0.126+ (0.073) -0.116 (0.079) 
Displ. and Some College -0.144 (0.097) -0.129 (0.097) -0.048 (0.087) -0.038 (0.090) -0.048 (0.087) -0.038 (0.090) 
Displ. and No College     -0.010 (0.049)   -0.010 (0.049)   
Retirement Displacement -0.063 (0.073) -0.057 (0.073) -0.008 (0.051) -0.008 (0.051) -0.008 (0.051) -0.008 (0.051) 
Temp/Seas Job Loss -0.158** (0.061) -0.150* (0.062) -0.036 (0.053) -0.036 (0.053) -0.036 (0.053) -0.036 (0.053) 
Fired/Discharged -0.057 (0.055) -0.045 (0.055)  0.044 (0.063)  0.044 (0.063)  0.044 (0.063)  0.044 (0.063) 
Left job for health reason  -0.894*** (0.051) -0.879*** (0.051) -0.334*** (0.037) -0.334*** (0.037) -0.335*** (0.037) -0.335*** (0.037) 
Business Failure -0.011 (0.163)  0.029 (0.154) -0.054 (0.117) -0.054 (0.117) -0.055 (0.117) -0.055 (0.117) 
Year is 1993 (age is @54)  0.184*** (0.019)  0.163*** (0.020)  0.173*** (0.025)  0.173*** (0.025)  0.174*** (0.026)  0.174*** (0.026) 
Bachelors Degree or more  0.322*** (0.041)  0.292*** (0.041)         
Some College   0.147*** (0.044)  0.141*** (0.044)          
Widow/Divorce/Separated -0.114*** (0.035) -0.124*** (0.035)  0.051 (0.031)  0.051 (0.031)  0.051+ (0.031)  0.051+ (0.031) 
Never Been Married -0.327*** (0.064) -0.319*** (0.064) -0.133 (0.251) -0.133 (0.251) -0.131 (0.252) -0.131 (0.252) 
Earnings 1975 ($1,000)  0.002*** (0.000)  0.003*** (0.000)         
Change in Earnings ($1,000)    0.002*** -0.0003         
Earnings 1992-3/2004 ($1,000)         -0.0005 -0.0006 -0.0005 -0.006 
Parents SES 1957  0.005*** (0.001)  0.005*** (0.001)         
Male -0.147*** (0.037) -0.170*** (0.036)         
Manuf/Mining/Constr -0.113*** (0.031) -0.115*** (0.031)  0.022 (0.024)  0.022 (0.024)  0.021 (0.024)  0.021 (0.024) 
Professional/Technical  0.115*** (0.033)  0.114*** (0.033)  0.045+ (0.026)  0.045+ (0.026)  0.045+ (0.026)  0.045+ (0.026) 
Executive/Managerial  0.093** (0.030)  0.078** (0.030)  0.019 (0.025)  0.019 (0.025)  0.018 (0.025)  0.018 (0.025) 
Military  0.500 (0.336)  0.489 (0.340) -0.240 (0.384) -0.240 (0.384) -0.239 (0.384) -0.239 (0.384) 
Farming -0.003 (0.053)  0.003 (0.053)  0.036 (0.048)  0.036 (0.048)  0.036 (0.048)  0.036 (0.048) 
Service -0.009 (0.036) -0.002 (0.036)  0.047 (0.031)  0.047 (0.031)  0.048 (0.031)  0.048 (0.031) 
Administrative/Clerical  0.105*** (0.031)  0.110*** (0.031)  0.034 (0.026)  0.034 (0.026)  0.034 (0.026)  0.034 (0.026) 
Sales  0.088** (0.033)  0.091** (0.033)  0.039 (0.029)  0.039 (0.029)  0.039 (0.029)  0.039 (0.029) 
Craft/Operator/Laborer  0.017 (0.035)  0.034 (0.035)  0.034 (0.029)  0.034 (0.029)  0.034 (0.029)  0.034 (0.029) 
N =11566 (Ordered Probit) N = 9582 (Fixed Effects)       * p <=.05   ** p < = .01   ***p <= .001   + p < .1  OP: Ordered Probit   FE: Linear Fixed Effects 
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